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9.1 Introduction

Streams and rivers throughout landscapes, similar to arteries and veins in a body, pump
priceless lifeblood, without which our planet and life itself are unimaginable—fresh water.
Diverse applications stimulate the demand for fresh water: public supply and hydropower,
commercial and industrial use, domestic needs, irrigation, and livestock production (Gleick,
2003; Renzetti, 2002; Schoengold and Zilberman, 2007). Monitoring streams and rivers are per-
formed for practical reasons, research purposes, and environmental concerns. Practical applica-
tions may be focused on supporting commercial projects, such as discharge monitoring at a
hydropower dam or turbidity analysis during dredging. Research applications often deal with
studying aspects of watercourse hydrology. Monitoring of running waters for environmental
purposes may target a better understanding of human impact on the ecosystem under study
and may evaluate the effects of protection and restoration measures in the area of interest.

Fresh water is found not only in streams and rivers but also in wetlands, reservoirs,
ponds, lakes, and glaciers. However, only streams and rivers are characterized by stream-
flow—water movement, which profoundly impacts both water quality and the hydrology
of watercourses (Zeiringer et al., 2018). Flow observation and measurement are important
for disaster prevention and policymaking. Flow monitoring data are necessary for proper
water allocation for domestic, industrial, and agricultural uses (Goes et al., 2021). They are
crucial for the construction of bridges, for example, due to the necessity to consider the
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changes in the river channel size over time (Setiati, 2019). Flow monitoring helps to predict
and measure the extent of natural hazards, such as flood (Kiedrzyńska et al., 2015),
drought, or landslides, and to plan long-term and immediate measures to reduce the
associated risks and harm. It helps identify and maintain the volume of water necessary to
preserve river health and its suitability as a habitat for riverine species (Acreman and
Dunbar, 2004). An overview of important reasons for flow monitoring is given in Fig. 9.1.

Due to the importance of flow monitoring, various methods and tools have been devel-
oped to perform flow observation and measurement correctly, efficiently, and accounting for
the peculiarities of each type of watercourses. The major variables influencing the methodol-
ogy of flow monitoring are width, depth, and slope of the watercourse, the roughness of bed
and bank materials, load and size of sediments, flow velocity, and discharge (Dobriyal et al.,
2017; John, 1978), as well as the target degree of accuracy and financial limitations. Flow
monitoring methods can be subdivided into the following major categories:

1. direct measurement, for example, a volumetric streamflow method, or water level
measurement and the use of previously developed rating curves;

2. constricted flow methods, such as flume or weir methods;
3. velocity-area methods, which can be as simple as float and colored dye tracing methods,

or involve the application of expert knowledge and professional equipment, such as
measurement with the help of propeller current meters or an acoustic Doppler current
profiler, radar surface velocity measurements, electromagnetic measurements, and
dilution gauging; and

FIGURE 9.1 Reasons for
flow monitoring.
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4. image velocimetry methods.

Since river flow monitoring with the help of unmanned aerial system (UAS) is mostly
accompanied by the application of image velocimetry methods, further discussion focuses
on the aspects of image velocimetry that is performed with the use of UAS-based optical
data. A short summary of other flow monitoring methods is given in Appendix A.

The most popular image velocimetry methods applied for field studies are particle
image velocimetry, or PIV (Fujita et al., 1998); space-time image velocimetry, or STIV
(Fujita et al., 2007); particle tracking velocimetry, PTV (Brevis et al., 2011; Dal Sasso et al.,
2018); Kanade!Lucas!Tomasi image velocimetry, KLT-IV (Perks et al., 2016); optical
tracking velocimetry, OTV (Tauro et al., 2018); and surface structure image velocimetry or
SSIV (Leitão et al., 2018), with PIV and PTV being the most widely used. The goal of image
velocimetry is the measurement of flow velocities based on the analysis of the behavior of
traceable features in a time series of optical data depicting streamflow. Examples of optical
data suitable for image velocimetry analysis include true-color or grayscale video record-
ings and sequences of RGB or thermal images. When image sequences are captured with
the purpose of image velocimetry, a timestamp of sufficient temporal resolution must be
uniquely identified for each image in the sequence; ideally, images should be captured
with a constant time delay between them.

In contrast to the flow monitoring methods described in Appendix A, image velocime-
try techniques allow to identify surface flow velocities in multiple locations of the
captured water surface simultaneously (Detert, 2021). Their application produces instanta-
neous surface velocity fields (SVFs)—sets of vectors that describe surface velocity magni-
tude and direction in the locations of single traceable features or in the cell centers of an
imaginary grid placed over the captured area. Thus image velocimetry methods allow to
not only calculate average flow velocities and discharge but to identify complex flow pat-
terns, which can be of importance for environmental applications (Strelnikova et al., 2020).

In recent years, UAS are increasingly becoming the tool of choice for optical data acqui-
sition with the purpose of image velocimetry (Detert et al., 2017; Koutalakis et al., 2019;
Tauro et al., 2016). UAS-based data capture has several advantages over handheld, mobile,
or stationary cameras mounted on river banks, bridges, telescopic masts, and angled
toward the water surface. It enables the free choice of a study area (Detert et al., 2017),
independent of structures suitable for camera mounting and accessibility of watercourse
banks. Optical data can be captured with the help of UAS in unfavorable flow conditions,
for example, during floods (Perks et al., 2016). The possibility to capture data at nadir
from comparatively high flight heights (i.e., distance measured from the local surface)
enables data acquisition at wide rivers without the loss of data quality, which is observed
toward the remote river bank when optical data are captured from the opposite bank at
an oblique camera angle (Strelnikova et al., 2020). The flexibility of flight height selection
provides more options in terms of spatial resolution of captured data. Optical data
recorded at a nadir position, in many cases, require no orthorectification (Tauro et al.,
2014a). All these factors, together with the improvement of built-in sensor quality
and decreasing UAS acquisition costs, lead to the increasing popularity of streamflow
monitoring with the help of UAS.
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9.2 General workflow of river flow monitoring with UAS

River flow monitoring with the help of UAS and image velocimetry methods includes
the following steps:

1. data acquisition
2. data preprocessing
3. data processing
4. data postprocessing

At the stage of data acquisition, it is necessary to select the extent of the study area, the
target spatial and temporal data resolution, the optimal wavelength range (visible light,
infrared), and the corresponding camera sensor. Further, a carrier platform must be
selected, for example, a multirotor UAS for data acquisition while hovering over a fixed
location. The camera angle is selected depending on the size of the study area, study goals
(e.g., measuring average flow velocity vs acquiring detailed surface flow patterns), desired
spatial resolution of data, and the demands of the selected image velocimetry method. The
quality of captured data will depend on weather conditions and illumination and will suf-
fer in strong winds, rain, or abundant sun reflections on the water surface, complicating
tracer recognition. To enable image velocimetry, a flow must contain traceable features. If
no features suitable for the selected image velocimetry method are present in the flow,
they must be introduced into the flow artificially.

The stage of data preprocessing involves masking out irrelevant areas of images to
reduce the computational effort. It may include image enhancement to increase the recog-
nizability of traceable features, which is performed by means of consecutive application of
various filters. Data preprocessing may also include image stabilization and geometric cor-
rection, such as orthorectification or removal of lens distortions.

Data processing is performed with the use of the selected image velocimetry method
(PIV, PTV, STIV, KLT-IV, OTV, SSIV, etc.). It involves the calculation of surface velocity
vectors based on the magnitude and direction of displacements of traceable features. The
displacements are identified by comparing consecutive images or video frames to each
other, and the velocities are calculated using the known time delay between the images/
video frames.

Spurious vectors and outliers are detected and removed at the data postprocessing
stage. Further operations applied to the calculated surface velocity fields at this stage are
spatial and temporal interpolation, smoothing, and aggregation. At the end, image veloci-
metry results are visualized and/or exported in a target exchange format.

9.3 Best practices of data acquisition

9.3.1 General considerations concerning data acquisition

Independent of the purpose of data collection, some important aspects must first be
considered when using UAS platforms for data acquisition. First, it is necessary to be
informed of the legal aspects of UAS use in the country where the study area is located.
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UAS-related regulations in many countries are very dynamic. The knowledge about
requirements and restrictions associated with UAS use, such as UAS pilot certification,
UAS platform registration, procedures for operation risk assessment, flight height, and
altitude limitations or locations of no-fly zones, must be retrieved from official channels
and responsible authorities prior to the UAS flight. Independent of the legal requirements,
a pilot operating the UAS must be competent and prepared to take proper action in case
of emergencies, such as loss of control over the UAS, to minimize the extent of possible
harm. Flight planning must be done thoroughly and under consideration of environmental
and privacy concerns. An important aspect in UAS-based data capture is the weather: it
must be suitable for the operation of the selected UAS platform in terms of its technical
limitations (e.g., wind speed), and within the limitations of the method (e.g., favorable
light conditions). More detailed guidance with respect to UAS operation planning and
safety measures is provided in Chapter 3.

The market of UAS sensors and platforms that can be used for optical data capture is
dynamic, featuring new technological advances each year (Jeziorska, 2019). Attempts have
been made to create a summary of UAS-based technologies suitable for hydrological appli-
cations, including the analysis of downsides and advantages of different UAS platforms
and compatible sensors (Jeziorska, 2019). Chapter 2 provides some additional information
with regards to this topic.

An important difference between the UAS platforms is their architecture: fixed-wing
platforms are characterized by higher endurance but are incapable of hovering and are
often associated with higher costs than multirotor UAS. For this reason, data collection
with the goal of image velocimetry is mostly performed with the use of multirotor UAS
platforms (Cao et al., 2020; Detert et al., 2017; Fujita et al., 2015; Pearce et al., 2020;
Strelnikova et al., 2020). RGB videos are the most used types of optical data collected for
image velocimetry purposes. The likely reason for it is the fact that many multirotor UASs
are equipped with high-resolution built-in RGB cameras capable of video recording,
while thermal cameras are more expensive. Also, thermal cameras rely on strong tempera-
ture signal, which is not always the case for small rivers. Processing of thermal images is
more complicated in comparison with the processing of RGB videos, too, especially due to
the absence of dedicated software for image velocimetry with the use of thermal imagery.

9.3.2 Traceable features

Image processing techniques require visible patterns on the water surface to track their
movement in time and compute velocities. In some cases, minimal changes in the intensity
of the water surface color are identified and taken as tracers. In other cases, natural pat-
terns on the free water surface, like wave crests, vortexes, bubbles, or natural floating
material (e.g., debris, vegetation), provide sufficient seeding for image velocimetry proces-
sing. In flood flow conditions, surface ripples generated by the effects of near-surface tur-
bulence and pressure fluctuation are often used as natural unseeded tracers. Fujita and
Kunita (2011) demonstrated that an oblique-scanning helicopter-mounted camera can
identify the water surface’s movement by examining water ripples generated by turbu-
lence or differences in color caused by variations in suspended sediment concentration,
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without the need for artificial tracers. Dugan et al. (2014) used small-scale temperature
variations on the water surface as tracers visible on infrared imaging.

In the absence of natural features (generally in low flow conditions), artificial tracers
(seeding) have to be added to the flow to improve the performance of velocimetry analy-
sis. The choice of particles for tracing in field conditions is different from laboratory
experiments where illumination and flow regime can be controlled. According to Detert
and Weitbrecht (2015), particles used as tracers “should have a sufficient floating behav-
iour, significant colour contrast, a passive response to the flow, the possibility of a simple
mass production at adequate dimensions, and no effect on the water quality.” Floating
particles should have sufficient contrast against the water surface to be visible at the
desired platform height (usually 10!100 m) and remain visible in the presence of environ-
mental noise (illumination conditions and water reflections). Image velocimetry techniques
are indirect as they determine the velocity of tracer particles rather than the velocity of the
fluid that carries them. Thus tracers must have a weight density (e.g., g/cm3) similar to
water: low-density tracers tend to be nonsubmerged for most of their volume and thus be
significantly affected by wind, and high-density tracers tend to be nearly fully submerged
and therefore not properly visible.

Based on these requirements, and with respect to ecological concerns, different biodegrad-
able materials have been exploited as tracers in field campaigns: woodchips (Kim et al.,
2008), candles (Sukhodolov et al., 2007), rice crackers (Fujita and Hino, 2003), charcoals (Dal
Sasso et al., 2018), and ecofoam (Sutarto, 2015). Dal Sasso et al. (2018) used different types of
tracers in clear or turbid waters (woodchips and charcoal, respectively) to increase the con-
trast differences between the traceable features and the background. Strelnikova et al. (2020)
proposed the use of ecofoam tracers colored with environment-friendly dyes. Tauro et al.
(2012) used bee wax-based fluorescent particles tracers for experimental measurements in
small-scale streams to overcome the problems related to illumination conditions and particle
visibility. Furthermore, Tauro and Grimaldi (2017) proposed a combination of ice tracers and
a thermal camera to characterize surface flow velocities with the PTV algorithm. The typical
weight density of tracers is less than 1 g/cm3, for example, literature values for charcoal and
woodchip tracers are 0.208 and 0.380 g/cm3, respectively.

Tracers are almost irregularly shaped because of their natural characteristics and mate-
rial involved (squared, spherical, or cylindrical). The average dimension is typically of few
centimetres (2!8 cm) and the thickness of a few mm (2!4 mm). Ecofoam is usually cylin-
drical and thicker, around 1.5 cm in diameter.

In most cases, artificial tracers are manually deployed on the free water surface by
operators located upstream of the cross-section monitored: on the bank, on the bridge, or
in a boat. During the distribution of the tracers, it is necessary to release the particles from
different locations to cover the entire cross-section width (Strelnikova et al., 2020). It is
recommended to introduce tracers into the flow outside of the UAV field of view (FOV) to
allow them to adjust to the flow before they start being traced. In the case of a large river,
homogeneous distribution of tracers in the area of interest usually requires a large number
of artificial tracers and multiple people for tracer deployment (Pearce et al., 2020;
Strelnikova et al., 2020). Tracers are expected to accurately follow the underlying flow and
be uniformly distributed in the area to be measured, reducing the possibility of self-
agglomeration and inhomogeneous distribution across the area of interest.
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Seeding density and spatial distribution of tracers are among the most critical factors
for successfully applying image velocimetry techniques (Raffel et al., 2018). Seeding den-
sity (also called seeding concentration) represents the number of particles transiting on the
water surface during field surveys and generally is expressed as particles per pixel (ppp).
For most image velocimetry techniques, low seeding densities are associated with larger
errors. In contrast, a sufficiently high seeding density ensures optimal conditions for track-
ing algorithms and consequently reduces the uncertainty and errors in velocity estima-
tions. The entity of the errors is variable and depends on the sensibility of the technique
to this parameter (Dal Sasso et al., 2020). The spatial distribution of tracers indicates
whether tracer patterns are uniformly or randomly distributed in space. This factor varies
significantly during the recording period. This variability depends on different aspects:
the hydrodynamic characteristic of the flow, the morphological characteristics of the river
reach, the type and amount of material deployed, and the number and experience of
operators deploying the tracers. Of further consideration is that the actual seeding density
(i.e., observed by an operator in the field) is likely to be higher than the effective seeding
density (i.e., observed by the tracking algorithm) due to difficulties encountered by
features detection algorithms in correctly identifying all tracers (Dal Sasso et al., 2020).

9.3.3 Reasons to use ground control points

After optical data acquisition, it is necessary to (1) remove instability and distortions
and (2) geo-reference the acquired data or at least identify the relation between the image
units and the real-world units for the purpose of calculation of flow velocities in m/s as
opposed to pixel per frame. The aforementioned transformations can be done when cap-
tured optical data contain easily identifiable motionless features with known coordinates
or known distances between them. To guarantee that such motionless features are present
in the FOV and that their coordinates or distances between positions are measured cor-
rectly, it is a common practice to use ground control points, or GCPs (also called ground
reference points). The GCP markers are placed in the FOV in a controlled manner as close
to the water surface as possible (Detert et al., 2017; Le Coz et al., 2010). Their coordinates
are usually determined with the help of a differential global navigation satellite system,
including differential global positioning system, or D-GPS (Strelnikova et al., 2020) or a
total station (Le Coz et al., 2010), but low-cost GPS devices can be used for this purpose as
well (Detert et al., 2017). When the river or stream under study is narrow and the dis-
tances between the GCPs are short, it is preferable to perform accurate measurements of
distances between the GCPs using a measuring tape rather than a low-cost GPS device. In
this case, it is important to make sure that GCPs are coplanar to the water surface.
Considering one of the GCPs as the origin, it is possible to calculate the relative coordi-
nates of the other GCPs and use them for image distortion removal and scaling. More
information about the minimum number of GCPs, their optimal placement, and the best
patterns of GCP markers is provided in Chapter 8.

In the absence of GCPs or other features with known coordinates, there exist other
approaches to calculating the ratio between the image units and the real-world units. If at
least one object of known and sufficiently large dimensions is present in the FOV during
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data acquisition or if distances between some of the objects are known, these data can be
used for image calibration. If no such objects naturally occur, they may be introduced into
the FOV. For example, Tauro et al. (2014b) suggested using a system of lasers to project
points onto the water surface at a known distance from each other for further image cali-
bration. The approaches mentioned earlier, however, work only if captured data are free
from lens distortions and have a uniform scale (capture at nadir, flat terrain).

9.3.4 Flight height

The selection of the flight height for data acquisition should be done based on the fol-
lowing considerations:

1. the extent of the study area (target size of the FOV),
2. the pixel resolution of the available sensor,
3. target ground sampling distance (for the tracers to be visible),
4. the level of detail of the target SVF (minimum size of flow structures that must be

recognized),
5. obstacles interfering with the signal or shading the FOV,
6. legal limitations, and
7. battery life of the UAS and other technical limitations.

The extent of the study area and technical characteristics of the selected camera sensor
influence the minimum flight height at which the entire extent of the study area falls
within the FOV. Additional to the water surface, the study area should include river banks
with motionless features, which can be used for image stabilization and removal of vari-
ous distortions. This requirement holds even if there are well-distributed motionless fea-
tures in the middle of the river.

The size of tracers is an important criterion that influences the recognizability of indi-
vidual traceable features in the acquired optical data depending on their spatial resolu-
tion. It may represent a limitation that prevents capturing the entire width of a large
river: in case of higher flight height that would increase the FOV to the target extent,
image resolution may be reduced such that tracers will not be recognizable. Possible
solutions, in this case, include (1) reduction of the extent of the FOV by subdividing the
study area into subareas, each of which has to include motionless features necessary for
image preprocessing; (2) replacing the selected camera sensor with one that has a better
resolution; or (3) selection of larger tracers. Some tracers, like ecofoam, tend to form
clusters that are easy to recognize from high flight heights (Strelnikova et al., 2020).
However, it is important to keep in mind that an increase in the size of traceable fea-
tures means a simultaneous reduction of the spatial resolution of the resulting SVF.
Thus, with the increase in flight height, flow structures of small size are likely to
become unrecognizable (Lewis and Rhoads, 2018).

Another important factor to consider when selecting flight height is obstacles. In some
areas, the peculiarities of the terrain and vegetation may influence the quality of the GPS
signal or the link quality between the UAS and the ground station. Further, high obstacles
such as power lines may not only cause link disturbance but also obscure the FOV.
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As mentioned earlier, it is important to ensure that legal conditions that allow UAS
operation at a desired height are met. Operational limitations of the UAS, such as battery
life, must also be considered: reaching a higher height requires time, which reduces the
maximum duration of video recording. It is necessary to make sure that the battery is fully
charged, especially when operating UAS at low air temperatures.

Since winds tend to be stronger at higher flight heights, it is crucial to avoid high-
height flights when wind conditions near the Earth’s surface are close to the operational
limits of the selected UAS platform. UAS operation at high heights also leads to the
increase of the magnitude of camera movement in ground distance (Lewis and Rhoads,
2018), such that even subpixel apparent motion may introduce errors in flow velocity
calculation.

9.3.5 Duration of the video for image velocimetry analysis

Several factors influence the optimal duration of video recording with the purpose of
image velocimetry. The video should be long enough to ensure that the tracers achieve the
best possible distribution across the study area and fully advect across the FOV. Ideally, it
would be possible to split the video into several chunks which would be analyzed sepa-
rately to determine the uncertainty in SVFs. On the other hand, long videos pose
challenges:

• Long videos are often characterized by a higher amount of camera movement, as well
as changing light conditions.

• Maintaining sufficient seeding density and proper distribution of artificial tracers for a
prolonged period of time is challenging and associated with high costs.

• The size of available data storage may also present a limitation when dealing with high-
resolution videos and imagery. For example, the maximum video size for popular DJI
drones is 4GB which is equivalent to ,7-min of video acquisition at 27203 1530 px.

• Analysis of long videos increases the computational effort required, especially for frame
rates exceeding 25 fps.

Thus it is a common practice to record relatively short videos, around 5 min in length,
and then to perform image velocimetry using video portions (see Section 9.9) of about 30 s
in length (Lewis and Rhoads, 2018; Pearce et al., 2020; Strelnikova et al., 2020). Some stud-
ies exploit longer videos or image sequences, up to 1!3 min (Cao et al., 2020; Detert et al.,
2017). It must be kept in mind that if the videos used for image velocimetry are too short,
macro-turbulences are not sufficiently captured and thus cannot be reflected in the veloci-
metry results.

9.3.6 Metadata

Accurate recording of metadata at the stage of data acquisition plays an important role
at later stages of data analysis. These metadata include:

1. location and extent of the study area,
2. date and time of data capture,
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3. duration of recording,
4. UAS platform and sensor characteristics,
5. flight height,
6. GCP coordinates or distances between GCPs,
7. weather conditions,
8. reference measurements (flow velocity in selected locations, discharge),
9. characteristics of the tracers used, and

10. other information relevant for a particular study, for example, water temperature and
water level.

An example of a data acquisition log is given in the Appendix B. Further considerations
regarding metadata, which should be recorded at the stage of UAS-based data collection,
are discussed in Chapter 3.

9.4 Data preprocessing

Videos adopted for image velocimetry applications should be properly preprocessed
based on the environmental and flow charactistics (see Table 9.1).

9.4.1 Sampling image frequency and resolution

Image velocimetry techniques estimate velocities by dividing the displacement of particles
between consecutive frames by the time interval between the pair of images. For this reason,
spatial and temporal resolutions of the acquisition play a key role and depend on the local
flow velocities and physical pixel size. The camera frame rate (that controls the particle dis-
placement between two consecutive images) must be identified properly to avoid over- or
undersampling that may lead to errors. Brevis et al. (2011) show that frame-by-frame particles
displacements should be larger than tracer dimensions to allow motion tracking. This suggests
an operative criterion for choosing a frame rate proportional to the local flow velocity to be set
(e.g., from 24 to 60 fps), subsampling it for slow flows to reduce computational loads.

9.4.2 Image stabilization, geo-referencing, and correction of geometric
distortions

Optical data captured with the help of UAS may contain various distortions or depict
apparent movement of motionless features due to instability of the UAS platform. In the
case of applying image velocimetry to a video or image sequence that contains lens or per-
spective distortions or is unstabilized, data processing yields erroneous results (Detert and
Weitbrecht, 2015). Image stabilization is used to remove the effects of camera vibration
and movement, which take place during data capture. Geometrical corrections are per-
formed to remove perspective distortions, which may be observed in the case of oblique
camera angles or elevation variability within the FOV, and lens distortions. In addition to
geometric corrections, a complete geo-referencing may be performed to identify the corre-
spondence between the image space and the real-world coordinates of the study area.

240 9. River flow monitoring with unmanned aerial system

4. River monitoring



Orthorectification of the acquired footage may be necessary even in cases when it has
no visible scale differences which could be attributed to a perspective distortion. In prac-
tice, even when an orthogonal camera angle has been targeted during the data acquisition,
slight differences from nadir (1!5 degrees) can be observed in the resulting imagery (see
Section 9.9). Since even a 2-degree difference from nadir is known to bias image velocime-
try results in case of lacking image orthorectification (Detert, 2021), it is important to eval-
uate the actual camera angle from the acquired footage and to perform orthorectification if
differences from nadir are observed. If an orthorectification step is skipped, the velocime-
try results in pixels/frame shall be converted into real-world units by means of intersect-
ing the start and end points of each identified feature trajectory with the water surface,
calculating the distance between these points, and then calculating the velocity of feature
displacement using the known frame rate (Eltner et al., 2020).

Geometric transformations that are performed to remove geometric distortions and/or
to stabilize the images may attribute to the uncertainty of flow velocity measurements by
reducing image sharpness. This uncertainty is most significant in cases when the displace-
ment of traceable features between the frames lies in the subpixel range.

Depending on the distribution of motionless features, their elevation in comparison to
the water surface, consistency of their presence within the FOV, and on the type of geo-
metric transformation applied, some regions of a transformed image may experience more
distortion than others. This is especially the case if these regions are located outside the
convex hull formed by the motionless features. Thus it is advisable to perform image stabi-
lization and geometric correction using motionless features that are present in all of the
processed frames, across the FOV, and at the same elevation as the water surface. More
information about the best practices in image stabilization and correction of geometric
distortions can be found in Chapter 9.

9.4.3 Image enhancement

Optimizing data capture conditions and image stabilization are not the only ways to
increase the quality of image velocimetry results. In most cases, an application of image
preprocessing techniques helps to increase the visibility of traceable features and thus to
avoid or reduce typical image velocimetry errors such as false correlation caused by back-
ground noise. A large group of data preprocessing techniques that can improve the accu-
racy of image velocimetry analysis are filtering techniques.

One of the such techniques is an intensity high-pass filter, which copes with the conse-
quences of inhomogeneous illumination and emphasizes individual particles by
suppressing low-frequency information (Thielicke and Stamhuis, 2014). This creates a
more homogeneous background, as can be seen in Fig. 9.2B. Wiener filter that employs a
spatially adaptive statistical model is a popular and well-performing solution for image
noise reduction (Kazubek, 2003). It is especially useful when traceable features are
relatively large when compared to the frequency of background noise. An example of
background noise smoothing by means of the Wiener filter is given in Fig. 9.2C. Wiener
filter is often applied after the high-pass filter, which allows to successfully remove the
residual noise (Fig. 9.2D).

2419.4 Data preprocessing

4. River monitoring



Another commonly used image enhancement technique is the contrast limited adaptive
histogram equalization, or CLAHE (Pizer et al., 1987). CLAHE improves the contrast in an
image by redistributing the lightness value based on histograms computed from the image
parts. It increases the visibility of artificial tracers and wave patterns in turbid water
(Fig. 9.2E). However, if the water is clear and the river bed is visible, the application of
CLAHE increases the noise and reduces tracer visibility (Fig. 9.3).

  
(A) Original (B) Highpass filter 

  
(C) Wiener filter (D) highpass and Wiener filters combined 

  
(E) CLAHE (F) Intensity capping 

FIGURE 9.2 Application of different image enhancement filters to the footage captured at the Drava River
(Austria) in 2020. (A) Original, (B) high-pass filter, (C) Wiener filter, (D) high-pass and Wiener filters combined,
(E) CLAHE, and (F) intensity capping. CLAHE, Contrast limited adaptive histogram equalization.

242 9. River flow monitoring with unmanned aerial system

4. River monitoring



Image preprocessing may also include an application of the intensity capping (Fig. 9.2F).
Intensity capping deals with bright spots in the image, which may bias the velocity vec-
tors. It is based on defining the upper limit to the grayscale intensity of the images and
replacing all the exceeding intensity values with this upper limit (Shavit et al., 2007). The
main difference to CLAHE is that intensity capping affects only the high-intensity pixel
values, while CLAHE causes global modifications.

One more image enhancement technique, the background subtraction, may be particu-
larly useful in clear water conditions with visible river bed or in cases when misleading
standing waves interfere with flow pattern calculation. It is possible to use an existing
background image without tracers or calculate a background image based on an image
sequence with tracers. Fig. 9.4 shows 3 input images (A-1, A-2, and A-3) out of a series of
98 images, a median background image calculated based on the whole sequence and the
result of the subtraction of this background image from the image A-1.

9.4.4 Quantification of seeding characteristics

The quantification of spatial and temporal characteristics of seeding during the video
acquisition period represents an important task to maximize image velocimetry perfor-
mances. Dal Sasso et al. (2020) and Pizarro et al. (2020b) introduce three metrics based
on the calculation of the (1) seeding density, (2) index of dispersion of tracers, and (3)
coefficient of variation of tracer dimension demonstrating their statistical significance on
image-based performances and releasing the developed codes. Seeding density,
expressed as particles per pixel, is quantified through an automated process that detects
and describes features (local corners, blobs, or regions of uniform intensity) inside the
region of interest (ROI) during the frame footage. The aggregation level is quantified
through the dispersion index D and is a measure of spatial clustering or dispersion of
seeding. D5 σ2/µ, where σ2 and µ are the variance and mean values of the seeding den-
sity computed in subpatches of the same size. This metric is normally measured to quan-
tify whether a set of events are clustered or dispersed. As in the numerical case, D5 1
means features follow a Poisson distribution, while D, 1 and D. 1 follow an over- and

(A) Original (B) Filtered with CLAHE

FIGURE 9.3 Application of CLAHE to an UAS-based photograph of a river with a visible rocky bed.
(A) Original and (B) filtered with CLAHE. CLAHE, Contrast limited adaptive histogram equalization.
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underdispersed spatial distribution. Finally, the dimension of tracers and their homoge-
neity is quantified using the coefficient of variation of tracer areas (CVArea).

9.4.5 Selection of the optimal footage portion to analyze

Increasing the duration of the processed video sequence represents an important
issue for the performance increment of the techniques. A systematic reduction of errors
is observed in numerical experiments (Manfreda et al., 2019; Pumo et al., 2021) and lab-
oratory flumes (Samarage et al., 2012) by increasing the number of frames. This evi-
dence is due to the fact that a higher number of frames increases the number of velocity
samples in space and can help to smooth out outliers and noise with a consequent
reduction of errors. This effect is particularly evident for low seeding conditions and
where particles are not uniformly distributed over the entire frame sequences.
However, this beneficial effect is not always observed in natural environments, where
considering a large number of frames leads to increasing the occurrences of possible
environmental disturbances over the video sequence (e.g., camera movements, environ-
mental noise). Moreover, intense computational time and powerful hardware resources
are needed to analyze and store long video time series. To solve this issue, Pizarro et al.
(2020b) and Pizarro et al. (2020a) recently proposed the Seeding Distribution Index as a

A-1 A-2 A-3
(A) Original: mul!ple images depic!ng the movement of tracers

(B) Calculated background (C) Image a-1 with subtracted background

FIGURE 9.4 Background calculation and subtraction. (A) Original: multiple images depicting the movement
of tracers, (B) calculated background, and (C) image A-1 with subtracted background.
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parameter that synthesizes the seeding conditions in the field, merging seeding and spa-
tial distribution characteristics. This dimensionless index was formulated using numeri-
cal experiments and tested in some field case studies for describing the heterogeneous
spatial distribution of tracers and the tendency to form clusters. Authors show a signifi-
cant reduction of errors (over 50%) using the criteria proposed instead of using the total
number of frames available.

9.4.6 Practical recommendations for data acquisition

1. Be sure you know the legal requirements in the study area and comply with them.
2. Avoid irregular light conditions (e.g., on a sunny day with fast-moving individual

clouds) and shadows on the water surface.
3. Avoid strong winds, and remember that winds are stronger at higher heights.
4. The flow must be visually identifiable in the captured footage both qualitatively

(structure, direction) and quantitatively (low, high). For this, some natural or
artificially added traceable features must be present in the water.

5. If particle tracers (natural or artificial) are used, and the water is clear, make sure that
tracers do not get confused with the elements of the river bed. You may need to try
different tracer colors before selecting the one that provides the best contrast.

6. If particle tracers (natural or artificial) are used, and the water is turbid, nadir footage
is preferable since it requires fewer geometric corrections.

7. Traceable features must be clearly visible in the footage. Therefore particle tracers
must have the size of least 1 pixel, but larger tracers are preferable (ideally 5 pixels
and more) since they are more likely to not be confused with the background noise.

8. If waves are used as traceable features, oblique angle footage may be preferred over
nadir footage. It should be kept in mind that waves may be misleading since their
behavior may differ from the actual flow, and as such their use as traceable features
requires careful consideration.

9. To enable subsequent geometric correction and stabilization of the captured videos,
make sure to have motionless features in the FOV. If data are captured at angles
different from nadir, use motionless features with known coordinates or known
distances between them to later be able to remove perspective distortions. Use GCP
markers when possible. They will also simplify the stabilization of shaky videos.

10. For high flows, make sure to record optical data at a high frame rate (24 fps and more).
11. High frame rate is also preferable for low flight heights.
12. Select optimal portions of the footage before data analysis, try to keep them relatively

short (30 s to no more than 3 min) to speed up data processing and avoid the necessity
to manage very large data volumes.

13. Carefully record all relevant metadata, especially if you intend to publish your
research. It may be impossible to remember important details necessary for data
analysis even a short time after the data acquisition. If you repeat experiments often,
develop and follow a standard workflow—this will simplify flow measurements and
contribute to higher comparability of individual measurements.
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9.4.7 Practical recommendations with respect to image preprocessing

Flow characteristics and image quality play essential role in determining which kind of
image preprocessing is likely to improve image velocimetry results. A summary of recom-
mended image preprocessing steps suitable for different image and flow characteristics is
given in Table 9.1.

TABLE 9.1 Recommended image preprocessing steps.

Image and flow characteristics Peculiarities of preprocessing

High flow High flows must be captured with high frame frequency, starting with at least
24 fps.

Low flow, high frame rate Subsample frames such that the displacements of traceable features between
the resulting frames is easy to visually recognize. Ideally, this displacement
should be at least 1 pixel per frame for most of the features.

Inhomogeneous flow In the case of resampling, it is important to make sure that faster moving
tracers in the resulting frame sequence can be visually followed, even if it
means that slower moving feature displacements lie in a subpixel range.

Shaky image sequences and
videos

Perform stabilization. Since it requires image transformation, make sure that
other image preprocessing operations that require image transformation are
done simultaneously to avoid an accumulation of transformation errors (details
in Chapter 8).

Lens distortions Perform correction with the use of camera calibration values based on a
camera model (details in Chapter 8).

Perspective distortions Perform orthorectification (details in Chapter 8).

Inhomogeneous illumination Use intensity high-pass filter.

Noise Apply Wiener filter, high-pass filter.

Low contrast, turbid water Use contrast limited adaptive histogram equalization (CLAHE). Avoid using it
if the river bed is visible.

Bright spots in the image (e.g.,
sun reflections)

Apply intensity capping, unless tracers and reflections have similar intensity.

Clear water, visible river bed Try a combination of intensity high-pass filter and Wiener filter. Alternatively,
background subtraction can be used.

Long video Select a portion of the footage from 30 s to 1!2 min in length with the most
homogeneous and clearly visible seeding (minimum reflections, minimum
changes in illumination). Ideally, this portion should be characterized by
maximum stability of the UAS platform (no change in scale and viewing angle,
minimum platform displacement, no jitter).
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9.5 Data processing

9.5.1 Methods for image velocimetry

The most studied methods used for image velocimetry analysis are PIV and PTV. When
applied in the field conditions as opposed to laboratory experiments, they are often
referred to as large-scale particle image velocimetry (LSPIV, introduced by Fujita et al.
(1998)) and large-scale particle tracking velocimetry (LSPTV, the term first used by Tang
et al. (2008)); in many cases though terms PIV/LSPIV and PTV/LSPTV are used inter-
changeably. Researchers around the world continue working on the improvement of these
and the development of new image velocimetry methods, such as the earlier mentioned
STIV, KLT-IV, OTV, and SSIV, or the recent Airborne Feature Matching Velocimetry
(Cao et al., 2020). A short summary of some established image velocimetry methods and
their advantages is given by Pearce et al. (2020).

Two key factors influencing the choice of the most suitable analysis method include:

• the characteristics of traceable features:
! the presence of natural tracers, including visible structures on the water surface,
! the shape of tracers,
! seeding density,
! the possibility of using artificial tracers if natural tracers are absent.

• availability of reliable software implementing a method which is selected based on the
seeding conditions.

If no software automating image velocimetry with the use of a certain method is avail-
able, or if the available software is nonintuitive, difficult to use or its costs exceed the
available budget, this image velocimetry method rarely gains popularity. Software devel-
opment is required before such methods can be applied, given that the algorithm is
described in sufficient detail and the person willing to use it has programming skills and/
or budget for software development. While this is a valid approach in some cases, those
who only start their path toward successful application of image velocimetry are more
likely to progress faster and to form a better knowledge base by first applying established
and proven image velocimetry tools. Therefore, in this section, we focus on the image
velocimetry methods, which are implemented within available and well-supported image
velocimetry software (as of 2022), namely, PIV, STIV, PTV, and KLT-IV.

PIV (Raffel et al., 2018) uses cross-correlation applied to pairs of undistorted images, sepa-
rated by a known time interval. The FOV is divided into a grid with given cell size. Each cell
represents an “interrogation area” (IA), for which a tracer pattern is recorded. An area of the
consecutive frame within which a search for the tracer pattern similar to the one detected
within the IA is performed is called the “search area” (SA). The most likely displacement of
visible tracers is determined as the maximum cross-correlation coefficient. Sufficient density
of traceable features is required across the entire FOV for accurate surface velocity calcula-
tions. The IA and SA sizes need to be defined by the user. In its classic implementation, PIV
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has fixed IA and SA sizes. However, in cases when tracer distribution is inhomogeneous, or
there is a large variation in properties of different subregions of the velocity field, spatially
adaptive PIV should be preferred (Theunissen et al., 2010). PIV can provide complete instan-
taneous surface flow velocity fields, which can be later used for mean velocity and discharge
calculation (Detert et al., 2017). It is the most tested technique and, therefore, there exist a lot
of literature describing its use in detail.

As opposed to PIV that analyses the displacements of particle groups, PTV consists of
individual particle identification and tracking. When using the popular cross-correlation
based PTV algorithm developed by Brevis et al. (2011), the centroids of the detected
particles are identified in subsequent images to reconstruct the particle trajectory. To
enable accurate centroid identification, the size and shape of the particles must be known
(Pearce et al., 2020). Unlike PIV, PTV works well in conditions where surface features are
sparse and in unsteady flows.

Though less widely known than PIV and PTV, STIV is a well-established image veloci-
metry method used for over a decade (Fujita et al., 2007) and being constantly improved
(Fujita et al., 2019). STIV captures flow velocities by recording pixel arrays along imagi-
nary “search lines,” which are set parallel to the direction of the main flow. A pixel array
along a search line is extracted for each frame, and these arrays are stacked to form a sin-
gle image, in which each pixel row shows brightness distribution along the given search
line at a new point in time. The resulting images (one per search line) depict brightness
variations in time (y-axis) and space (x-axis) and are therefore called “space-time images”
(STIs). Surface flow velocity is calculated using the frame rate and the orientation of
brightness displacement measured from the STIs. Velocities calculated in this way are
time-averaged. For STIV to work, there must be a variation of brightness or color on the
water surface along each search line. A big advantage of STIV is that it requires no tracers
except for natural waves or foam. It can cover a large measurement area and has been suc-
cessfully applied to measure surface velocity on rivers over 100 m in width (Fujita, 2017;
Fujita et al., 2007).

KLT-IV (Perks, 2020) uses spatial intensity information to detect and search for the posi-
tion that yields the best match. As PTV, KLT-IV works well in conditions where surface fea-
tures are sparse and in unsteady flows. Once images are stabilised, the KLT algorithm is
applied to the water surface, and surface features are tracked for the calculation of surface
flow velocity. The required parameters include the extraction rate (meaning the duration
over which individual trajectories are tracked) and the block size.

9.5.2 Tools for image velocimetry

Among the most established tools for PIV are PIVlab (Thielicke and Stamhuis, 2014)
and Fudaa-LSPIV (Le Coz et al., 2014). PIVlab is a MATLABs app/toolbox. It is available
at no additional payment for MATLAB users and is open source. Fudaa-LSPIV is not
open-source but it is free to use and does not depend on MATLAB. It has a Java interface
which calls FORTRAN executables and can be used with Windows or Linux operation
systems.
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OpenPTV, a software that arose as a collaborative effort of several research groups, cur-
rently mainly targets 3D PTV. Its core, a library of the OpenPTV algorithms called liboptv,
is written in C and has Python/Cython bindings. There are two separate user interface
packages written in Python 3 that can be used with Python/Cython bindings. The soft-
ware is free and platform independent. Using a Python version of OpenPTV requires a C
compiler installed. Compared to PIVlab, Fudaa-LSPIV, or KLT-IV, OpenPTV is more
suitable for users with advanced technical skills and is not optimal for processing the flow
footage acquired in field conditions. A more suitable and well-supported tool for UAS-
based flow imagery is a newer but actively developed and well-supported FlowVeloTool
(Eltner et al., 2020) written in Python, free and open source. In addition to PTV, it has an
option of using LSPIV for flow velocity analysis.

KLT-IV software (Perks, 2020) is a free-to-use compiled MATLAB application and as
such depends only on the MATLAB runtime, which is available for Windows at no cost.
Hydro-STIV (Fujita, 2017) is a licensed software for surface flow velocity calculation using
either STIV or PTV. The application of PTV in this software can be performed for a rela-
tively small number of floats that need to be selected manually in the initial video frame.
More information about the functions of the tools mentioned earlier can be found in
Table 9.2.

9.5.3 Practical recommendations for method and tool selection

Practical recommendations regarding the selection of the most suitable image velocime-
try method are given in Table 9.3.

The selection of the tool for image velocimetry analysis in the given study conditions
can be performed based on the recommended method (Table 9.3) and the additional tool
functionality (Table 9.2).

9.6 Data postprocessing

9.6.1 Outlier detection and filtering

Independent of the chosen image preprocessing techniques, image velocimetry may
produce incorrect vectors or outliers. Typically, the magnitude of outliers significantly dif-
fers from the magnitudes of surrounding vectors, or their direction is not consistent with
the surrounding flow pattern. Often, incorrect vectors are located at the edges of the ana-
lyzed region. Outliers can be often identified visually with ease. However, a standard
image velocimetry analysis involves calculations based on hundreds of image pairs. In
these conditions, automation of outlier detection becomes essential. Popular methods of
outlier detection include a Global Mean Test (Westerweel, 1994), a Global Histogram
Operator, a Vector Difference Test, a Median Test, a Normalized Median Test, a Minimum
Correlation Filter, a Z-Score Test (Raffel et al., 2018), and filtering of trajectory lengths and
directions (Tauro et al., 2018). According to Raffel et al. (2018), Vector Difference Test,
Median Test, and Normalized Median Test have the highest efficiency in comparison to
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TABLE 9.3 Recommended methods depending on study conditions.

Conditions Recommended image velocimetry method Case studies

Unsteady flow PTV, KLT-IV Perks et al. (2016)

Steady flow, homogeneous traceable
features

PIV Muste et al. (2008)

Different currents within one river Separate the FOV into sections or use a
method which enables local adaptation of
analysis parameters, e.g., STIV, KLT-IV or
spatially adaptive PIV

Rapidly varied flow Use a method with adaptive interrogation/
search areas, e.g., KLT-IV

Perks et al. (2016)

Irregular sizes and shapes of the
particles

PIV, KLT-IV Perks et al. (2016),
Strelnikova et al. (2020)

Clustering of tracers Avoid PTV
KLT-IV, STIV are likely to perform well
PIV will perform well unless clusters are
sparsely distributed

Daigle et al. (2013), Perks
et al. (2016), Strelnikova
et al. (2020)

Low density of traceable features PTV, KLT-IV Perks et al. (2016), Dal
Sasso et al. (2018)

High density of traceable features PIV, KLT-IV Detert et al. (2017),
Pearce et al. (2020)

No traceable features except for
waves, reflections, ripples on the
surface

STIV Fujita et al. (2019)

Foam, turbulent structures STIV, KLT-IV Fujita et al. (2019), Fujita
(2017), Perks et al. (2016)

High degree of data processing
automation desired

PIV, PTV, KLT-IV
STIV requires more supervision

Fujita et al. (2019)

Standing waves STIV preferable, PIV not recommended Detert and Weitbrecht
(2015), Strelnikova et al.
(2020)

Reverse flow conditions PTV preferable, PIV depends on
implementation (PIVlab version more suitable)

Only certain locations within the FOV
are of interest, complete velocity field
is not required

STIV Koutalakis et al. (2019)

FOV, Field of view; KLT-IV, Kanade!Lucas!Tomasi image velocimetry; PTV, particle tracking velocimetry; STIs, space-time
images; STIV, space-time image velocimetry.
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other filters. In practice, the selection of outlier detection tool depends to the availability of
this tool in the data processing software.

9.6.2 Interpolation, smoothing, and aggregation

To close the gaps in the SVF formed by outlier removal, the identified outliers often
have to be replaced by interpolated vectors. Since the probability of finding another outlier
in the direct neighborhood of the removed outlier can be described by a binomial distribu-
tion (Westerweel, 1994), bilinear interpolation is considered to be the best data replace-
ment approach.

Data reduction simplifies the analysis and presentation of image velocimetry results.
Averaging approach, though it is not always applicable, is the most often used data reduc-
tion measure. In cases of inhomogeneous flow seeding or flow fluctuations, the sequence
of images used for averaging must be carefully selected.

9.6.3 Recommendations with regards to data postprocessing

9.6.3.1 Visualization of velocimetry results and data exchange

After postprocessing is finished, data are represented in a graphic form—statically or
dynamically—to simplify its visual analysis. Typical visualization techniques include color
coding, with a range of colors corresponding to a velocity range, as well as contour and
quiver plotting. Animation of image velocimetry data is used to visualize flow fluctua-
tions. For steady flows, a representation of a static image velocimetry vector field can be
combined with the original video to simplify the comparison of image velocimetry results
with the optically identifiable flow patterns.

Image velocimetry data can be exported in a selected data exchange format to be used
in external information systems for the purpose of validation, comparison of hydraulic
modeling. Typical exchange formats include a delimiter-separated ASCII, NetCDF,
ParaView Tecplot (.tec), TELEMAC Serafin format (.slf), and OVF See Table 9.4.

TABLE 9.4 Recommended data postprocessing steps.

Conditions Recommended postprocessing steps

The study targets the analysis of general flow characteristics, main flow
direction, discharge

Filtering of trajectory lengths and
directions

Uniform flow. Vector magnitudes and/or orientations of some vectors
in the resulting vector field are visibly different from the magnitudes/
orientations of over 50% of their neighbors. Differences are similar
throughout the FOV and can be described by a single threshold.

Vector Difference Test
Median Test
Global Mean Test

Nonuniform flow. Some vectors differ from the majority of their
neighbors. The magnitude of differences varies across the FOV.

Normalized Median Test

FOV, Field of view.
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9.7 Validation of image velocimetry results

Image velocimetry results can be validated by comparing them with ground truth
data—reference flow measurements performed simultaneously or in close temporal relation
to the point of data acquisition. These flow measurements may be available in the form of (1)
surface velocities, (2) individual point velocities measured close to the water surface, (3) point
velocities measured at various depths and converted into depth-averaged velocities, or (4) in
the form of discharge. Direct comparison of image velocimetry results with reference data is
possible only if reference data represent surface velocities. In the case of depth-averaged
velocities and discharge, these derivatives have to be calculated using SVF information
before comparison. In any case, it is important to correctly identify the correspondence
between the locations of reference measurements in real-world coordinates and the
locations of surface velocity vectors within the image space, which is normally done by
geo-referencing of image velocimetry data.

9.7.1 Depth-averaged velocities

Water surface velocities can be used to estimate depth-averaged velocities at each vertical
water column. Chiu (1989) proposed a probabilistic formulation—relying on the principle of
maximum entropy and dimensionless parameters—to derive one- and two-dimensional veloc-
ity distributions in open channels. This approach was afterwards simplified by Moramarco
et al. (2004), assuming that the entropy-based velocity distribution can be applied to any verti-
cal and the distribution of maximum velocity across the flow area can follow an elliptical or
parabolic shape. From a practitioner perspective, a velocity coefficient is generally adopted,
which represents the ratio between the maximum and mean flow velocities. This coefficient is
a function of the vertical velocity profile and affected by Froude and Reynolds numbers, flow
aspect ratio, micro- and macro-bed roughness, and relative submergence of the large-scale
roughness elements. ISO 748:2007 (2007) suggests this coefficient ranges between 0.84 and
0.90, with the highest values usually obtained for smooth river beds or higher depths. Worthy
mentioning is that several authors have proposed different coefficient values, and a more
inclusive range is in the order of 0.5!1.0 (Genç et al., 2015; Stumpf et al., 2016; Welber et al.,
2016). According to ISO 748:2007 (2007), the entropy parameter M can also be parametrized as
a function of the Chézy number on each vertical, leading to a possible parametrisation in
function of the Gauckler!Manning!Strickler coefficient as well. Based on these ideas,
Bandini et al. (2021) proposed a novel formulation able to simultaneously estimate both the
river discharge and Manning’s roughness coefficient without the needs for site-specific coeffi-
cients (only UAS measurements of surface flow velocities and water surface slope).

9.7.2 Discharge

River discharge can be derived by combining depth-averaged water velocities and
cross-sectional area information. If river bed profiles are available, UAS-based image velo-
cimetry data are sufficient for direct discharge estimation (Detert and Weitbrecht, 2016). If
this information is not available, water level can be retrieved either from images acquired
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by traditional field campaigns and ultrasonic sensors, or following a fully visual frame-
work. The latter is made up of two steps: (1) a pixel-wise segmentation of the current
image is used to generate a binary mask separating water and nonwater regions, (2) the
mask is analyzed to infer the waterline’s position. Using the stabilised image sequence,
water lines are detectable, assuming that moving water results in significant changes in
the spatio-temporal pixel texture (Kröhnert and Meichsner, 2017). High-resolution data
allow the 3D reconstruction of a river scene (a 3D point cloud, digital elevation model )
using computer vision techniques (structure from motion). Water stages will be recon-
structed, integrating the waterline identified by segmentation approaches with the 3D
model (Eltner et al., 2021). This methodology has been recently applied to extrapolate river
bathymetry in clear and shallow waters, correcting the refraction effect’s underwater areas
(Dietrich, 2017). Another UAS-based approach was presented by Bandini et al. (2018),
showing the possibility to use sonar technology to measure bathymetry and controlled by
a drone. River discharge estimates computed with these innovative methods are in good
agreement with standard measurements, typically presenting errors less than 20%!30%
(Bandini et al., 2021; Kim et al., 2008; Kinzel and Legleiter, 2019; Le Coz et al., 2010; Lewis
and Rhoads, 2018).

9.7.3 Flow patterns

Flow patterns comprise magnitudes and directions of velocity vectors in the study area
and may vary depending on the resolution of the velocity field. 2D surface flow patterns
are described by the corresponding SVF. They can be validated by means of comparison
with surface velocities measured in selected locations of the study area, if these velocities
are characterized by both magnitude and direction. A practical example of such compari-
son can be found in the work of Strelnikova et al. (2020). 3D flow patterns are the result of
complex hydrological modeling with the use of either the bathymetry data in the study
area and surface SVFs, or depth-average velocities along cross-sections, or flow velocities
measured in certain points of the study area. It is not possible to validate the accuracy of
calculated flow patterns based solely on discharge reference data or on reference velocity
magnitudes.

9.8 Limitations of image velocimetry methods and future perspectives

Even though image-velocimetry techniques are widely used, their accuracy under field
conditions is still an issue of research. A common challenge is the influence of environmen-
tal noise on the velocity signal. Poor illumination, sunlight reflections, glare and shadows on
the flow surface, river color background, riverine flora movements, and apparent ground
motion due to instability of a camera represent common sources of environmental noise (Le
Coz et al., 2010). These noisy signals can significantly affect image velocimetry results. For
instance, stabilization issues or neglected—or poorly executed—camera calibration during
field measurement could potentially induce significant errors in a frame-by-frame displace-
ment calculation (Detert, 2021; Ljubičić et al., 2021). Extremely scarce illumination or rapid
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illumination changes may introduce several problems in recovering long and reliable trajec-
tories (Pearce et al., 2020; Tauro et al., 2018). Such limitations can be partially compensated
using high-visibility tracers or thermal sensors that are less affected by water surface reflec-
tions and illumination conditions than RGB imagery. Thermal sensors allow to monitor in
daylight and night-time conditions (Fujita, 2017) but their current resolution and price pres-
ent a limitation for the monitoring of larger rivers or when high level of detail is required. A
greater effort is necessary to identify a set of strategies for automatic discrimination of track-
ing features from water reflections and environmental noise in natural settings and to
remove image distortions before image processing (Detert, 2021).

The lack of surface tracking features or distributed materials across the cross-section is
still a challenge. Most of the literature experiments were artificially seeded to simplify the
identification of moving patterns on the water surface (Perks et al., 2020). In natural condi-
tions, flows are often characterized by low seeding densities or locally distributed tracers
and irregular tracer clusters. These conditions can introduce a high variance and underes-
timate the flow velocity field, especially near the river banks. In this regard, automated
deployment and novel environment-friendly materials may be explored to improve the
tracers’ spatial distribution and reduce the material’s tendency to form agglomerates.

A considerable limitation affecting optical methods is also the lack of information on
the velocity profile along the vertical. Even if some proof-of-concept experiments have
been conducted to demonstrate discharge estimation from image-based methods (Bandini
et al., 2021; Detert et al., 2017; Pizarro et al., 2020b), the integration of these methodologies
for the estimation of mean velocity in open channels is still an open research question.

In brief, considerable work is needed for establishing standard protocols and guidelines
for the implementation of image velocimetry in different settings (flow regimes and illumi-
nation conditions). This can allow the selection of image velocimetry methods and proce-
dures for appropriately monitoring stream flows based on morphological field
characteristics, environmental factor, and hydraulic conditions.

9.9 Hands-on experience

9.9.1 Site description

In this section, we explore the optimization of the analysis workflow using KLT-IV
v1.01 and an example of UAS footage acquired on the River Arrow, United Kingdom. The
location of image acquisition is a meandering section of the Arrow River with an approxi-
mate width of 5 m. Water depth is shallow (mean5 0.22 m) and water clarity is high,
resulting in the river bed being clearly visible. A more detailed characterization of the field
site is presented in Perks et al. (2020). A 4 min 14 s video recorded at a frame rate of
29.97 Hz and pixel resolution of 19203 1080 was acquired using a DJI Phantom 4 Pro
UAS. During this time the platform hovered over the center of the channel at a height of
12.06 m with the camera oriented at nadir. However, calculations later revealed a camera
angle of 4.1 degrees from the vertical. While the UAS operator did not provide any input
into the controller, the UAS position did drift during recording. Based on these character-
istics, we can identify that a processing workflow would require image stabilization and
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orthorectification (see Section 9.4.2). We may also choose to perform image enhancement
on the orthophotos to improve detection and tracking of tracers (Section 9.4.3). The
required inputs and settings for performing the analysis using KLT are provided in the
supplementary information.

9.9.2 Workflow description

Within KLT-IV (Fig. 9.5), we first need to define the video input settings. As we are
working on a single video, we can select single video as the mode of analysis, prior to
defining the location on the PC of the video to be analyzed. Upon selection, the user will
be asked whether reencoding is required. This is only required if the metadata of the video
has become corrupted and is not required in this case. Next, we can choose the camera
type that is being used. As the DJI Phantom 4 Pro is listed, we can select this camera type.
This ensures that lens distortion is explicitly accounted for in the orthorectification pro-
cess. There are two approaches that could be used for the analysis of this footage: (1)
dynamic: GCPs: this approach tracks the location of GCPs and uses this information to
stabilize and orthorectify the imagery in one step; alternatively, (2) dynamic:
GCPs1 stabilization: this approach first utilizes immobile areas within the FOV to stabilize
the imagery and then generates orthophotos using GCP data and the stabilised image
sequence. For the purposes of this example, we will first stabilize the imagery and then
orthorectify using the dynamic: GCPs1 stabilization approach. The presence of
stable bankside features within the image frame enables an accurate stabilization of the
image sequence, rather than relying on the relatively scarce GCPs. This option is selected
in the Orientation menu. Now the approximate location of the UAS needs to be provided
(in the same coordinate system as the GCPs). Ensuring that the tick box is enabled for
each of these parameters will ensure that this location is optimized using the GCP data.
The camera pose (view direction) also needs to be provided. The first and third values can

FIGURE 9.5 The graphical user interface of KLT-IV.
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be left as zero; however, the pitch value should be approximated. If looking at nadir (verti-
cally down), this value should be 1.57 and for each degree of inclination, 0.017 should be
subtracted from this value.

In the settings section, we can identify the duration that features are tracked for before
their velocities are computed. Generally, the longer this period is, the more accurately the
flow vectors are reconstructed. However, with longer sampling times, the tracers travel
over a longer distance and in locations with complex morphology and nonuniform flow
patterns (e.g., pool-riffle sequences), this may result in spatial variability being averaged.
Generally, a time of between 0.5 and 2 s will suffice. The block size defines the parameter
used for searching for detected features. The default value is usually appropriate. Finally,
either the velocity magnitude (velocity independent of direction) or the normal component
(magnitude along a defined flowline) can be selected. In this case study, the latter is cho-
sen and the user is prompted to define the flowline from upstream to downstream.

We next need to provide ground control information. This can be achieved by selecting
each individual GCP on the image and providing the location information, or alternatively
importing the data from .csv file with this information provided in the appropriate format
(see supplementary information under https://www.costharmonious.eu/). The GCP data
can also be exported as a .csv file. By enabling this option, this eliminates the need to
select GCPs from the imagery more than once. As part of the analysis process orthophotos
may be generated. The user may define the spatial extent of these orthophotos as they see
fit. Generally, if GCPs are present on both banks and across the area of interest, then a
GCP buffer of zero can be assigned. However, this value can be increased to incorporate a
larger area into the orthophotos. Alternatively, a custom FOV can be chosen which explic-
itly defines the extent of the orthophotos. Finally, the water surface elevation is required.
This is in the same coordinate reference system as the GCPs.

The final step is defining the analysis parameters. We first define the output location
where all the generated files are stored. Next, we need to define the ROI. The user is
required to draw a polygon of the area of interest on an image. Areas within the ROI will
be analyzed for movement. When the dynamic: GCPs1 stabilization orientation is selected,
areas outside of the ROI polygon will be used in the stabilization process. Therefore, when
this method is selected, it is important that the defined ROI covers the entire image where
movement occurs (even if it is not in the river). Next, the user can identify whether any pre-
processing (image enhancement) should be undertaken on the orthorectified imagery. The
user can also identify the required outputs. Velocity is exported as a .csv file, orthophotos as
a .jpeg at the defined resolution, and velocity vectors can be plotted and automatically
exported as a .png. Upon hitting the analysis button, the stabilization and orthorectification
process will begin and the user will be asked which portion of the footage should be ana-
lyzed. Given the presence of high density of tracers toward the latter parts of the footage,
we choose to analyze the video portion spanning 173 and 218-s. This provides 45-s of rela-
tively stable footage with a high density of tracer material present. If image enhancement
has been selected, then the user will be prompted with a range of options prior to analysis
being undertaken. For the purposes of this example, we run three simulations with different
image enhancement procedures to illustrate their effects: (1) no image enhancement; (2)
high-pass filter (30 pixels), followed by a wiener filter (8 pixels), and (3) background subtrac-
tion followed by high-pass filter (30 pixels) and a Wiener filter (8 pixels).
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9.9.3 Appraisal of the outputs

Reference velocity data were acquired through the deployment of a Valeport 801 elec-
tromagnetic current meter. Measurements were made for a period of 30-s just below the
water surface, with the time-averaged value being reported. Measurements were obtained
for five cross-sections spaced approximately 1.5!2 m apart, within which 9!10 individual
measurements were obtained with a spacing of 0.5 m between each (Fig. 9.6A). The veloc-
ity measurements ranged from 0.07 to 0.62 m/s with an average and standard deviation of
0.42 and 0.10 m/s, respectively. As these reference measurements were made just below
the water surface, the image-based measurements and current meter measurements may
not be directly comparable but should be closely related. Fig. 9.6B, C, and D present the
magnitude and direction of 100,000 successfully tracked tracers. For each example the
direction and magnitudes appear to be visually similar, with the fastest flows toward the
inner bank in the upper right quadrant of the orthorectified image.

Summary statistics for each of the simulations are provided in Table 9.5. From this
information, we can see that the range of the no image enhancement condition without

FIGURE 9.6 The location and magnitude of reference velocity measurements (A) in addition to the surface
trajectories reconstructed by KLT-IV using (B) the original footage without preprocessing, (C) image sequences
exposed to high-pass filter1Wiener filter, and (D) image sequences exposed to background subtraction high-pass
filter1Wiener filter. The direction of flow in these images is from left to right.
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threshold has an almost identical upper range to that of the reference measurements.
However, negative velocities are apparent indicating reconstruction of flow in an
upstream direction. Furthermore, the mean velocity is considerably lower than the refer-
ence (0.10 vs 0.42 m/s) indicating a considerable bias toward low velocities. When a
0.05 m/s threshold is applied on this no enhancement scenario, the range becomes almost
identical to the reference measurements and the mean increases because of the filtering of
some very low flow velocities. However, the mean is still biased low relative to the refer-
ence (0.21 vs 0.42 m/s). Upon the application of image preprocessing filters, the summary
statistics of the outputs improve. With the application of high-pass filter1Wiener filter,
the mean flow velocity increases to 0.38 and 0.39 m/s in the with and without thresholds
conditions. Furthermore, when background subtraction is applied before the high-pass
filter1Wiener filter, the mean becomes almost identical to that of the reference value (0.43
vs 0.42 m/s). When preprocessing procedures are employed to enhance the visibility of
tracers or reduce the visibility of the river bed, the results indicate that the impact of post-
processing procedures becomes less relevant with the application of a threshold condition
having limited effect on the results.

When the outputs of all the configurations are plotted (Fig. 9.7), the impacts of both pre-
processing (image enhancement) and postprocessing (filtering) on the results are clear. The
configurations with no image enhancement produce velocity estimates that are consistently
biased low relative to the reference measurements. This is likely a consequence of the river
bed being visible, resulting in higher levels of noise. Upon the application of the high-pass
and wiener filters, the velocity estimates are in good agreement with the reference measure-
ments across much of the area. Generally, where these estimates deviate from the reference,
they tend to also be biased low, except for xs4. This is again due to the enhancement failing
to remove the visible river bed. Only when the image background is subtracted do we
see this low bias being removed. With this configuration the velocities are in very good
agreement with the reference except for the very edges of the channel where flow depths are
very low, and in xs4 and 5 where flow velocities appear to be slightly overestimated.

TABLE 9.5 Summary statistics of the reference velocity measurements and those computed using KLT-IV
v1.01 at the same locations.

Range
[m/s]

Mean
[m/s]

Standard
deviation [m/s]

Reference measurements 0.07!0.62 0.42 0.10

No image enhancement (Without threshold)
(with threshold)

2 0.29 to 0.60
0.07!0.63

0.10
0.21

0.14
0.13

High-pass filter1Wiener filter (Without threshold)
(with threshold)

0.005!0.81
0.06!0.81

0.38
0.39

0.16
0.16

Background subtraction
1high-pass filter1Wiener
filter

(Without threshold)
(with threshold)

0.003!0.81
0.08!0.81

0.43
0.43

0.15
0.15
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Appendix A Table A1

no enhancement, no threshold
no enhancement, threshold
high-pass + wiener, no threshold
high-pass + wiener, threshold
background subtraction, high-pass + wiener, no threshold
background subtraction, high-pass + wiener, threshold
reference measurements

1
0.8
0.6
0.4
0.2

-0.2
-0.4 xs1.1 xs1.9 xs2.1 xs2.10 xs3.1 xs4.1 xs4.10 xs5.1 xs5.10xs3.10

0

Cross-section location

Velocit
y (m s-1 )

FIGURE 9.7 A comparison between the reference velocities and those generated using KLT-IV v1.01 using a
range of pre- and postprocessing solutions. Cross-section transects labeled xs1 to xs5 go from left to right of the
image in Fig. 9.6A, and the measurement numbers within each cross-section increase from top to bottom (e.g.,
1.1!1.9).

TABLE A1 Goals, operational principles, and limitations of contact flow measurement methods.

No. Method
Measured
value Operating principle Peculiarities and limitations

1 Volumetric
streamflow
method

Discharge The flow is directed into a large
container of known volume, which
must be repeatedly filled with water.
In each iteration the time needed to
fill the container is recorded.
Discharge as calculated as a ratio
between the container volume and
the time needed to fill it (Gore and
Banning, 2017).

Can be applied at narrow streams
with the entire flow converging into a
single descend (Hauer and Lamberti,
2007).

(Continued)
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TABLE A1 (Continued)

No. Method
Measured
value Operating principle Peculiarities and limitations

2 Flume method Discharge A precalibrated channel-type
structure is installed into a stream.
The discharge can be found in the
accompanying table based on water
depth.

Suitable for narrow streams. Not
suitable for steep slopes. Flume
installation is laborious (Dobriyal
et al., 2017).

3 Weir method Discharge A dam-like structure of standard
configuration is installed in a cross-
section of the narrow stream. The
discharge value is obtained directly
from the flow depth based on the
chart or table calculated for the given
weir configuration. A nonstandard
weir requires individual calibration.

Suitable for narrow streams. Intrusive
and is likely to negatively influence
aquatic species (Carpenter-Bundhoo
et al., 2020; Mueller et al., 2011). The
correct size of the weir has to be
selected based on the discharge range
in the target cross-section.

4 Float method Surface
flow
velocity

The time it takes a floating object to
reach the downstream target line is
measured repeatedly and averaged.

Only suitable for straight
watercourses with regular flow. In
these conditions, it provides results in
a high level of agreement with the
current meter measurements (Kanu,
2020).

5 Colored dye
tracing method

Flow
velocity

A strongly colored dye is quickly
added to the stream to form a cloud.
Its dispersion takes place in all three
directions. The time it takes the cloud
to travel to the measuring line is
recorded. The measurement is
repeated several times and averaged.

Dyes may be toxic or form toxic
substances when mixed with
streamwater (Kilpatrick and Wilson,
1989); thus special attention must be
paid to selecting a safe dye. The
method is not applicable in turbulent
streams.

6 Propeller
current meter

Flow
velocity

Current meters measure flow velocity
directly, by counting the number of
propeller rotations per time interval.
To measure discharge, multiple
measurements are performed with
the current meter along a selected
cross-section. Water depth is
measured in each of the points
together with flow velocity.
Discharge between the measurement
points is calculated as a product of
the subsection area and the flow
velocity in this subsection.

May deliver wrong values in
complicated flows. Applicability in
flood conditions is very limited. Not
suitable for watercourses with high
debris load.

(Continued)
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TABLE A1 (Continued)

No. Method
Measured
value Operating principle Peculiarities and limitations

7 ADCP Flow
velocity

ADCP is mounted to a boat or other
vessel moving perpendicular to the
flow direction. It transmits acoustic
impulses at a constant frequency
along several beams. Frequency shifts
between impulses and their echoes
are used to compute water velocity
component for each beam. These
components are used to calculate a
3D velocity using trigonometric
relations (Yorke and Oberg, 2002).

Suitable for large rivers under
varying flow conditions (Yorke and
Oberg, 2002). Not optimal in
watercourses with dense vegetation
(Bialik et al., 2014).

8 Radar surface
velocity
measurements

Surface
flow
velocity

This technique is based on using the
Doppler effect of radio signal emitted
by an antenna and backscattered by
short surface waves generated by
turbulence, rain or wind (Costa et al.,
2006). The surface velocity can be
translated into depth-average velocity
and discharge information using
stage/velocity-discharge
relationships. Different portable,
permanent, and UAS radars have
been deployed in rivers for delivering
real-time and continuous time series
of velocity and discharge (Fulton
et al., 2020).

Although some limitations in very
smooth channels and near the river
banks, the method results particularly
suitable for discharge estimation
under high flow conditions where
other methodologies fail.

9 Electromagnetic
measurements

The method relies on Faraday’s law
of electromagnetic induction. An
electromagnetic flow meter induces a
magnetic field. Water flow through
this magnetic field produces a
difference in electrical potential,
which is proportional to flow velocity
(Bialik et al., 2014).

Not optimal in watercourses with
dense vegetation (Bialik et al., 2014).

10 Dilution
gauging

Flow
velocity

A tracer solution (often NaCl) is
added into a stream at a selected rate
and gets uniformly mixed. At a
downstream measurement point,
electrical conductivity sensor is used
to monitor the transport of this
solution. The modal flow velocity is
defined by the time it takes the tracer
solution to achieve the peak
concentration at the measurement
point (Moore, 2004).

Works well in vegetated (Plew and
Hoyle, 2017) and turbulent (Bolognesi
et al., 2006) streams. Well suited for
small watercourses in all conditions,
including very low flow or flood
(Tazioli, 2011).

ADCP, Acoustic Doppler current profiler.
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Appendix B Data acquisition log

General

Task ID Date Location Coordinates: x/y Ref. system Coordinator

Conditions Other conditions

Water color Turbidity Water level Discharge

Wind Air
temperature

River width River depth

UAS and camera

UAS make UAS initial X UAS initial Y UAS initial height Gimbal Y/N D-RTK Y/N

Sensor model Camera lens Sensor type Image resolution Frame rate Data format

Data acquisition description

Tracer GCPs

Tracer type,
color

Tracer input
point

GCP description GCP coords GCP
description

GCP coords

Start time End time Comment

Reference measurements

Measurement method/tool Duration of
measurement

Number of
measurements

Measurement
depth

Direction available
Y/N

GCP, Ground control point.
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