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Summary 

River flow velocity is critical information for hydraulic and hydrological applications. 

Monitoring flow fields in near-plant waterways and river reach has wide engineering applications in 

sustainable hydropower generation. For instance, exploring eco-hydraulic concerns such as fish 

migration, pollutant transport, and river erosion and understanding river floating debris are a few 

examples of practical applications. Due to complicated geometry and large volumes of natural flows, 

the measurement task using traditional methods (e.g., velocity propellers, acoustic Doppler velocimetry, 

with acoustic Doppler current profilers) usually requires extensive investigative work. The 

measurement procedure also requires contact with waterbody, thus avoiding its use in severe flood 

conditions. Image analysis approach allows the measurement task to capture the surface-water velocity 

distribution over a large outdoor area. The main objectives of this research are to (1) evaluate the 

feasibility of employing multiple cameras in a single measuring system to estimate the flow surface 

velocity and (2) improve the capability to use natural floating materials in river flow observations. 

The properties of the camera system and particle tracking velocimetry (PTV) algorithm were 

investigated in a laboratory open channel flow measurement before being deployed for field 

measurements. The in situ camera calibration methods, which correspond to the two measurement 

situations, were used to mitigate the instability of the camera mechanism and camera geometry. The 

artificial tracer particles were deployed to seed the flows. Two photogrammetry-based PTV algorithms 

are presented regarding different types of employed seeding particles. The first algorithm uses the 

particle tracking method applied for individual particles, whereas the second algorithm employs 

correlation-based particle clustering tracking for clusters of small-size particles. The outcomes reveal 

that the method can offer a reliable and accurate assessment of 3D surface velocity. 

In river surface velocity measurements, flow seeding is unavoidable in some situations where 

the water flow is clear, and there are no occurrences of floating materials on the surface. This part of the 

study focuses on the application of this technique for river velocity measurements using natural surface 

floating patterns. The use of a multiple-camera system provides the ability to perform 3D measurements 

on the river surface, including surface velocimetry and water surface reconstruction. The pattern-based 

tracking approach is used to adapt the performance of image measurements on different types of natural 

floating tracers. A comparison of pattern-based tracking with particle tracking reveals that these two 

approaches are consistent. An analysis of the characteristics of floating patterns is performed to 

understand their influences on standard deviation of measured velocity. Considerations on practicing 

image velocimetry in river flows are also discussed. 
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Abstract: This study describes a multi-camera photogrammetric approach to measure the 3D velocity
of free surface flow. The properties of the camera system and particle tracking velocimetry (PTV)
algorithm were first investigated in a measurement of a laboratory open channel flow to prepare for
field measurements. The in situ camera calibration methods corresponding to the two measurement
situations were applied to mitigate the instability of the camera mechanism and camera geometry.
There are two photogrammetry-based PTV algorithms presented in this study regarding different
types of surface particles employed on the water flow. While the first algorithm uses the particle
tracking method applied for individual particles, the second algorithm is based on correlation-based
particle clustering tracking applied for clusters of small size particles. In the laboratory, reference
data are provided by particle image velocimetry (PIV) and laser Doppler velocimetry (LDV). The
differences in velocities measured by photogrammetry and PIV, photogrammetry and LDV are 0.1%
and 3.6%, respectively. At a natural river, the change of discharges between two measurement times
is found to be 15%, and the corresponding value reported regarding mass flow through a nearby
hydropower plant is 20%. The outcomes reveal that the method can provide a reliable estimation of
3D surface velocity with sufficient accuracy.

Keywords: photogrammetry; surface velocity; 3D PTV; camera calibration; particle tracking

1. Introduction

The ability to measure flows in the vicinity of hydropower plants has undeniably
wide applications. Especially in cases of plant changes, optimization of water utilization,
or changing operating conditions, flow-related parameters often need to be taken into
account. Among those parameters, flow velocity distribution over a large area undoubtedly
contributes to the understanding of natural phenomena and leads to a better basis for
decision making. The measurement task usually requires extensive investigative work due
to complicated geometry, large volumes, transient effects. The use of the image analysis
technique makes it possible to capture the surface-water velocity distribution over a large
area outdoors without interference of normal plant operation.

For river flow, traditional ways to measure flow velocity usually require contacting
waterbodies such as acoustic Doppler current profile [1], acoustic Doppler velocimetry,
current meters [2], or velocity propellers. These velocity measurement methods are time-
consuming, and the data obtained usually offer poor spatial coverage (i.e., point mea-
surement). Moreover, for safety reasons, there are usually flow limitations which, for a
regulated river, might interfere with hydropower generation. Among various new genera-
tions of measurement instruments, optical systems and image analyses have contributed to
advance hydrological observations in several fields, for instance, precipitation and stream-
flow [3,4]. Furthermore, with the development of affordable high quality unmanned aerial
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vehicle (UAV) technology in combination with increased payload, these techniques open a
potential application for flow measurement [5,6] and help to overcome the restrictions of
traditional methods.

For free surface velocity monitoring based on image analysis, there are various algo-
rithms that can be divided into three main approaches. The first approach was originally
introduced in [7], so-called large-scale particle image velocimetry (LSPIV), which is an
extension of PIV to provide velocity fields of large flow areas. The LSPIV image processing
algorithm is similar to traditional PIV since the water surface is divided into sub-regions
represented by groups of particles. These sub-regions function as tracers that can be
tracked in image sequences using correlation to match flow patterns between successive
images [7]. The approach has been widely applied for river flow measurement in previous
studies [8–10]. Moreover, Fujita et al. introduced an image analysis technique called space-
time image velocimetry (STIV) [11]. The method is capable of measuring the orientation
angle of the pattern generated from the brightness distribution of the river surface along
the time axis for monitoring streamwise velocity distributions.

The second approach is based on the optical flow algorithm. Perks et al. used the
Kanade–Lucas–Tomasi (KLT) algorithm to track features present on the water surface
that are related to the free-surface velocity to measure large floods [12]. A new motion
estimation technique based on traditional optical flow was presented in [13] to monitor
river velocity. Tauro et al. introduced a novel optical flow scheme, so-called optical tracking
velocimetry (OTV) that combined feature detection, feature tracking and trajectory-based
filtering to estimate the surface velocity field of natural streams [3].

Finally, particle tracking velocimetry (PTV), which consists of particle identification
and tracking [14], is a promising image-based approach for remote streamflow measure-
ments in natural environments [3]. In general, images are processed to enhance the
appearance of particles in the field of view, and the locations of the particles’ centroids are
recovered. The centroids of the detected particles are identified in subsequent images to
reconstruct the particle trajectory [3]. Among diverse developed algorithms for PTV anal-
ysis, cross-correlation has emerged as the most commonly used technique implemented
for particle detection and tracking. For instance, Lloyd et al. developed a correlation-
coefficient based PTV to obtain surface velocity fields in unsteady flows over relatively
wide areas [14]. Additionally, an integrated cross-correlation and relaxation algorithm for
PTV was proposed in [15] to provide a flexible methodology that enables image analysis for
different seeding and flow conditions. Dal Sasso et al. explored an optimal experimental
setup for surface velocity measurement using cross-correlation based PTV [16]. More
recently, Eltner et al. applied both terrestrial and UAV imagery for surface flow velocity
and discharge estimation [17].

Among the alternative approaches applied for water surface flow measurement, PTV
offers several advantages. PTV enables detecting and reconstructing the trajectories as
well as velocity vectors of individual particles or features conveyed on the flow. Moreover,
tracking individual particles in PTV does not suffer from spatial averaging, and bias
errors can, therefore, be reduced [18]. However, the field condition imposes several
challenges; for instance, PTV is dependent on the tracers or structures transiting on the
water surface. Having a sufficient number and uniquely recognizing such surface structures
on natural streamflow without the need of excessive seeding is a challenging problem.
Furthermore, seeding a large field of view constitutes a major problem both from practical
and environmental perspectives. Alternatively, LSPIV may be utilized without deploying
tracers in the flow in such conditions. The relative performance of LSPIV and PTV for
surface velocity measurements in natural streams was investigated in [19].

One thing in common from the above-mentioned literature reviews is the utilization of
a single camera in the measurement, resulting in two-component vector fields representing
longitudinal velocity and transverse velocity components, respectively. This approach
assumes the water surface to be a plane and suggests avoiding camera setups with large
tilting angles [20]. However, during high flows or in nonuniform depth flows, the water
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surface would present strong undulation. In those cases, the third velocity component in
the vertical direction would give more information about the shape of the flow. In addition,
most approaches orthorectify the images prior to tracking to allow for a correct scaling of
the image tracks, and such a process may lead to interpolation errors [17].

Regarding the application of photogrammetry in 3D surface flow measurement, multi-
ple synchronized digital cameras were used in combination with a commercial close-range
photogrammetric package PhotoModeler for data processing to achieve 3D water surface
and surface velocity of a water flume and a natural river [21]. However, their surface
velocity measurement required lots of manual intervention in the data processing. Hoshino
and Yasuda developed a flume experiment-based 3D measurement to measure water and
bed surface during the formation of sand waves using photogrammetry [22]. In their study,
the water surface was estimated by calculating the intersection points of laser light and
camera rays. More recently, Li et al. developed a stereo imaging based LSPIV system to
measure surface velocity and reconstruct the water surface distribution of a mountainous
stream [23]. The study revealed that the velocity measurement and discharge estimation
could be improved with 3D water surface distribution.

The present study aims to investigate the applicability of using multiple cameras in one
photogrammetry-based PTV system to estimate surface velocity for both laboratory water
flume and natural river flow. Two camera calibration procedures for the two circumstances
mentioned above are proposed. The measurements apply different seeding tracers that
require two different methods used to detect and track surface particles, in conjunction
with filtering techniques used in this work. The estimated surface velocity of the laboratory
water flume is compared to that measured by traditional measurements (i.e., PIV and LDV).
For the evaluation of the outdoor measurement results, the change in determined flow rate
through the nearby hydropower plant is used to roughly compare the change in measured
surface velocity. The experimental setups utilized for the laboratory and the river flow
measurements, respectively, are introduced in Section 2. The camera calibration methods
and accuracy estimation are presented in detail in Section 3. Section 4 presents the data
analysis performed, while the results are presented and discussed in Section 5. Finally, the
paper ends with some conclusions.

2. Measurement Sites and Measurement Setup

The utilization of multiple cameras in one photogrammetric system enables to fully
achieve the 3D shape and velocity components of surface flow. It, however, raises some
challenges in measurement setup as well as in data analysis. Luhmann showed that an
appropriate design, setup, and operation of a photogrammetric system imposes a complex
task [24]. In this study, the precision of the measurement is not only a question of technical
issues (i.e., camera stability, synchronization, acquisition and data transfer speed, and
representation of surface features) but also a requirement of image processing and 3D
reconstruction methods (i.e., feature tracking, multiple-image matching approach, and
method for determination of 3D coordinates). Therefore, it is important to investigate
the properties of the photogrammetric system and PTV algorithm in surface velocity
estimation to prepare for the field measurements. For this purpose, the surface velocity
measurement of a water flume in the laboratory is utilized to evaluate the applicability of a
photogrammetry-based PTV system.

2.1. Measurement in Laboratory Water Flume

The surface velocity measurement in the laboratory was carried out using a pho-
togrammetric system consisting of four cameras. A sketch of the experimental setup is
presented in Figure 1a. Figure 1b shows a checkerboard pattern used for camera calibration.
The flume has a dimension of 7.5 m × 0.295 m × 0.310 m in length, width, and height,
respectively. There is a steel net and honeycomb at the inlet of the channel to provide a
uniform inflow. The honeycomb has a thickness of 75 mm and the diameter of its holes
is 7.6 mm. The thickness of the steel net is 0.08 mm, and it consists of 2.5 mm × 2.5 mm
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square holes [25] (Figure 1a). The observed flow area was 0.7 m × 0.3 m. The water was
typically clear and transparent. In such a condition, the images taken of the water flow
showed only the bottom of the flume and reflections from the light source. To provide
structure on the water surface, 4 mm diameter spherically shaped wooden beads were
used, as shown in Figure 1c. Additionally, because the water flow moved predominantly
in one direction along the channel, interactions between the particles were assumed to
contribute negligibly to the surface velocity outcomes. In order to validate this surface
velocity measurement, the experiment was set up to carry out in the same condition with
previously performed PIV and LDV measurements [25]. The flow rate was 4.17 L/s, the
water depth was 180 mm, and the Froude number was 0.08. The flow can be considered
subcritical. The PIV and LDV measurements captured the streamwise mean velocity profile
along the centerline of the flume. The nearest locations from the water surface where the
velocities can be measure by PIV and LDV were at 30 mm under the water surface. The
velocities at these locations will be used to compare to surface velocity measured by the
photogrammetry (see Section 5.1).
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Figure 1. Laboratory flume measurement setup: (a) Sketch of the surface velocity measurement setup; (b) Checkerboard
pattern for calibration; (c) Wooden bead particle.

The laboratory photogrammetric system consisting of four cameras was mounted
onto a testing frame to ensure a high stability system. The cameras with fixed positions and
orientations were installed relative to each other in an array with an overlapping field of
view of 0.8 m × 0.8 m and aimed toward the measurement volume, as shown in Figure 1a.
All cameras were synchronized and triggered using an Arduino microcontroller and
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controlled by software on a computer. Acquisition of synchronized images was performed
at an image resolution of 7360 × 4912 pixels using Nikon D800 cameras (Nikon Imaging
Japan Inc., Tokyo, Japan), equipped with 35 mm lenses. The frame rate of 3.1 frames per
second is roughly calculated in laboratory condition. The actual time intervals between
consecutive captures are accurately recorded by control software.

2.2. Measurement in River Flow

The measurement of the river flow velocity faces several important issues concerning
the possibility of mounting several cameras with a clear view of the water surface. In
addition, the stability of the camera system needs to be secured, as the precision of the
measurement relies on the camera positions and orientations during image acquisition
(see Section 3 for camera setup). The measurement site must be convenient for particle
seeding in case there is no natural surface pattern or visible tracer in the flow. The location
of the field measurement campaigns was a reach of Lule river in Boden, Sweden (Figure 2),
about 0.8 km downstream from Boden hydropower plant. The measurement procedure
took place from a bridge crossing the river reach that allowed a convenient setting for both
camera setup and particle seeding. The field measurements were carried out in daylight
conditions, and the river flow was clean. There was no suitable texture of the water surface
itself to enable a reliable surface particle or surface pattern for image-based data. Instead,
the usefulness of crushed leaf, oranges, and puffed corn was evaluated as suitable particles
for surface seeding. In clear water conditions, these tracers show a good level of contrast
with respect to the background. The measurements were performed successively in two
days at the same river reach.
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Figure 2. Location of the field measurement campaign—Svedjebron, Boden, Sweden (Google maps).

The same cameras and synchronization were used for the river flow measurements.
However, for practical reasons, only two of the cameras were used, and they were mounted
firmly on the bridge railing 7 m apart facing downwards into the river 12 m below, as
shown in Figure 3a. The setup delivered a field of view of 11.0 m × 8.2 m. One pixel
corresponds roughly to 1.5 mm × 1.7 mm.
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(b) Natural pattern for intrinsic camera calibration (Agisoft Metashape); (c) Reference wooden frame
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3. Camera Calibration and Accuracy Estimation

In a photogrammetric system, the camera calibration procedure plays an essential
role since it is directly related to measurement accuracy [24]. In order to enable high
precision measurement, in situ calibration methods were used to mitigate the instability of
the camera mechanism and camera geometry.

3.1. Camera Calibration for Laboratory Measurement

For the measurement in the laboratory, the checkerboard pattern (Figure 1b) was
used. The checkerboard pattern was 49 cm × 35 cm and was placed in 40 arbitrary
positions and orientations in the measurement volume. The intrinsic and extrinsic camera
parameters were estimated from the detected calibration pattern, see [26,27]. The camera
calibration gives a high precision pattern identification with a mean extrinsic reprojection
error below 0.70 pixels for all cameras. The evaluation of the camera calibration uses
additional 10 captures of the calibration pattern. These captures are separate from the
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images used in the calibration process. The camera calibration accuracy is calculated
based on the error estimation in the measured distances between adjacent corners of the
calibration pattern squares compared to the true square sizes (8.0645 mm). The accuracy of
the synchronization and triggering of the cameras is very high. Therefore, the error in time
is assumed to be negligible. The average of differences in distances gives a systematic error
of 0.002 mm, while the standard deviation of differences in distances gives a precision of
0.023 mm, which corresponds to 0.03% on the measured velocities.

3.2. Camera Calibration for Field Measurements

Outdoor measurements were conducted with the cameras installed at the bridge across
the river, see Figure 3a. The camera calibration was executed on-site based on multiple
images recorded at the test field. The intrinsic and extrinsic camera calibrations were
performed separately. Thereby, the intrinsic parameters were analyzed from sequential
image captures, each camera individually, of a natural rock surface on the riverbank
(Figure 3b) with a distance similar to that between the cameras and the water surface
used in the measurements. For this purpose, the commercial photogrammetric software
Agisoft Metashape 1.5.0 was used. The extrinsic calibration was performed by employing
a wooden frame with fixed control points (Figure 3c) in the intersection field of view
of the two cameras. The intrinsic camera parameters obtained from Agisoft Metashape
and coordinates of control points were subsequently used to determine the positions and
orientations of the cameras installed at the bridge. There are a total of seven image captures
on day 1, and seven image captures on day 2, capturing the wooden frame at arbitrary
positions and orientations in the measurement volume. For each measurement, there is
only one capture used for extrinsic camera calibration. The remaining captures are used to
estimate the accuracy of the camera calibration. The camera calibration was repeated at
the beginning of each measurement day. Using the same method applied to calculate the
accuracy of camera calibration in the laboratory, the accuracies of the camera system in the
field measurements are estimated by utilizing the reference points on the wooden frame.
The averages of distance errors are found to be 0.31 mm (day 1) and 0.48 mm (day 2). In
addition, the standard deviations of differences in distances give a precision of 18 mm and
26 mm for day 1 and day 2, which correspond to 1.6% and 2% on the measured velocities
for day 1 and day 2.

4. Image-Based Data Analysis

The procedure of data analysis presented in this paper relies on the basic principle of
3D-PTV. Therein, the motion of the surface tracers in the flow is recorded by the synchro-
nized camera system resulting in a set of image coordinates of particles that are detected
in all frames of each set, and 3D coordinates are derived from the camera calibration
parameters. The 3D movements, and hence velocity components, are calculated from the
relative movements on each camera detector between two consecutive images that are
subsequently translated into a 3D velocity field using backprojection. This section presents
in detail the techniques used in data analysis to determine the surface velocity.

Regarding surface particles used in this study, it should be noted that there are different
types of tracers seeded into the flow corresponding to two practical situations. Therein,
the laboratory measurement used the spherically shaped wooden beads, seen in Figure 1c,
while the river flow measurement employed oranges, puffed corn, and crushed leaf for
flow seeding. The difference in shape, size and density of the seeding particles lead to two
different methods for particle detection. Thereby, the method utilized to detect the wooden
particles in the laboratory measurement is applied for the images of the river flow with
oranges. The small size high density puffed corn and crushed leaf pattern were instead
analyzed using correlation-based particle clustering tracking. In the latter case, therefore a
sub-region representing a group of particles is used for identification.
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4.1. Particle Tracking

In this study, the spherically shaped particles are detected by using the Maximally
Stable Extremal Regions (MSER) algorithm [28,29], resulting in the detected features in
terms of regions. The function automatically filters out inappropriate features or regions
to keep only reliable particles for tracking. Even though the function works robustly, the
number of detected regions representing one particle could be greater than one, which
leads to overlapping regions. This causes confusion in determining homologous particles
between the cameras since representative points are close relative to each other. In order to
eliminate that ambiguity, a clustering method is used to group the nearest regions into one
via given threshold values of distance between the presentative center points.

Each image point corresponds to a ray from the measurement volume to the sensor of
the camera. Particles are identified using analysis of ray bundles of detected features for
all cameras in the network. The spatial 3D coordinates of particles are determined using
Delaunay tessellation [30] and nearest neighbor methods [31] of the best intersection points
of different rays in the ray bundles. Since we only consider surface movements, detected
particles far away from the water surface are considered as misdetected and are therefore
excluded from further analysis. Initially, a plane is roughly fitted to the surface points
giving an estimate of the surface geometry. Detected surface points far away from this
plane are excluded.

Assuming the flow motion between two consecutive images to be small, the transfor-
mation of the particle pattern on the surface is almost a rigid body transformation. The
movements of particles are determined using a robust iterative closest point algorithm [32],
where a rigid body transformation is estimated. Afterward, the nearest neighbor function
is used to identify particle movements and to estimate a threshold value for an outlier filter.
If a particle is estimated to have a movement larger than the threshold, it is considered
as erroneous and is eliminated from the velocity estimation. The maximum track length
is estimated from an average value of the movements of all detected particles obtained
from previous steps. Finally, detected movement between two consecutive image captures
divided by the elapsed time determines the velocity of each particle.

In summary, there are three criteria presented in this paper to increase the reliability
of surface flow velocity estimation, including (i) clustering detected particles from over-
lapping, (ii) range of water surface and (iii) deviation from the average movement of the
particles. The particle detection and tracking was performed for 20 and 14 images for the
laboratory and the field measurements, respectively. New particles could be detected in
every frame, and corresponding particles could be re-detected and tracked in the next
frame as long as all criteria are fulfilled. Some results are shown in Figures 4–6, respectively.
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4.2. Correlation-Based Particle Clustering Tracking

This section describes the particle clustering tracking applied for image data of crushed
leaves and puffed corn of the field measurements. Since the floating tracer introduced onto
the flow partly covers the water surface in inhomogeneous concentration, the sub-regions
with high-density surface patterns are manually chosen for tracking. As the camera system
is calibrated, it is possible to determine the spatial 3D position and the orientation of
the surface normal of the sub-region chosen. The center of each sub-region is denoted
surface point. The correlation is based on projecting the points sub-regions onto the images
of each camera in the network to get corresponding points image regions. Due to the
slight movement of the surface points between two consecutive captures, detection of
corresponding movements in the camera images is obtained using image correlation by
searching in the subsequent image in a region near the projected initial surface point in
the reference image. A number of trials perform the correlation procedure, where the trial
having the highest correlation gives the detected movement in that camera. The spatial
movement of the surface point is obtained from all cameras in the network between the
reference capture and the subsequent one. Some results from this procedure is shown in
Figure 6.
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5. Results and Discussions
5.1. Surface Velocity of the Laboratory Water Flume

Figure 4 illustrates a velocity field obtained from the data of the laboratory water flume
for one set of image sequences. The magnitude of the 3D surface velocity distribution is
shown in Figure 5a, with an average velocity value of 88 mm/s. The standard deviation of
the measured velocities is found to be 5.5 mm/s. The data points (circles) present velocities
of particles, and the trendline is the fitting curve of velocity distribution in the transverse
direction. The maximum velocity can be seen at the centerline along the channel.

The experiments were repeatedly conducted at five different times, resulting in five
surface velocity profiles to determine the precision of the system. The mean velocity of the
five measurements is 89 mm/s, and the standard deviation is estimated to be 7.7 mm/s. The
measured velocities along the centerline of the flume are compared to profiles previously
measured by PIV and LDV [25], see Figure 5b. The PIV and LDV measurement captured the
streamwise mean velocity profile along the centerline of the flume. The nearest locations
from the water surface where the velocities can be measure by PIV and LDV were at
30 mm under the water surface. Therefore, only velocity values at these positions from
one PIV/LDV were used to compare to surface velocity measured by the photogrammetry.
The velocity values measured along the centerline by photogrammetry, PIV, and LDV are
found to be 0.0913 m/s, 0.0912 m/s, and 0.0881 m/s, respectively.

5.2. Surface Velocity of the River Reach

The field campaign was carried out on two measurements in two days in a row at
the same river reach. The measurement on day 1 is labeled as Measurement 1, and the
measurement on day 2 is labeled as Measurement 2. Figure 6 shows the flow velocity
and trajectories of particles achieved from data of the field measurements. The average
velocities are found to be 1.093 m/s and 1.277 m/s for Measurements 1 and Measurements 2,
respectively. The standard deviations of the measurements are found to be 0.062 m/s for
Measurement 1 and 0.038 m/s for Measurement 2. Interestingly, the discharge of the river
reach can be provided hourly by the data center of the Boden hydropower plant. Therein, at
the time while the flow velocity measurements were performed, the river discharges were
495 and 618 m3/s during the time of Measurement 1 and Measurement 2, respectively. The
correlation between the photogrammetry-based results and the data provided by the data
center can be validated by considering a ratio of Measurement 2 (V2) to Measurement 1
(V1), which also involves the change of the river discharges between two measurements.
The photogrammetry-based ratio and discharge ratio are 1.17 and 1.25, respectively. At the
same river reach, it is assumed that the water stage is lower in Measurement 1 (discharge
495 m3/s) than that in Measurement 2 (discharge 618 m3/s), resulting in a smaller cross-
sectional area in Measurement 1 than in Measurement 2, which probably explains some of
the difference in these ratios.

Figure 6 summarizes the trajectories of all types of particles introduced on the free
surface. The oranges and crushed leaves were used in Measurement 1. Measurement 2
used puffed corn as an additional tracer beside the oranges and crushed leaves. Consid-
ering the average surface velocity measured from each type of particle, Measurement 1
results in 1.091 ± 0.065 m/s and 1.089 ± 0.056 m/s for the oranges and crushed leaves,
respectively. These values are 1.276 ± 0.046 m/s, 1.267 ± 0.024 m/s, and 1.269 ± 0.033 m/s,
corresponding to the oranges, crushed leaves, and puffed corn particles in Measurement 2,
as shown in Figure 7.
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5.3. Discussion

The applicability of the photogrammetry-based PTV system for free surface flow
velocity measurement was investigated. In order to perform the measurements at natural
flow, it is important to study the properties of the measurement system regarding camera
setup, camera calibration, and PTV algorithm in a controlled environment. The laboratory
measurement was, therefore, conducted for this purpose. The velocities obtained from
the different methods were compared. It was seen that the velocities measured along
the centerline by photogrammetry, LDV, and PIV agree well with each other. The labora-
tory investigation revealed that the photogrammetric system is suitable for free surface
velocity estimation.

Compared to the single-camera system, the use of the multi-camera system will
significantly reduce one of the main PTV-based photogrammetry limitations, which is the
image orthorectification before tracking to allow for a correct scaling of the image tracks
since such process may lead to interpolation errors [17]. In addition, the multi-camera
system enables the estimation of three components of the surface velocity as well as the
undulation of the water surface. In this investigation, the main impact of introducing the
third surface velocity component was the ensuring of a good velocity estimate over the
field of view and the ability to disregard false estimates that appeared far away from the
water surface. The third velocity component in the vertical direction gave more information
about the shape of the flow, especially in the cases of high flow and nonuniform depth flow.

The precision of the camera calibration contributes an essential part in the accuracy
of the measurement, as it plays a significant role in the 3D reconstruction of the particle
coordinates. For this reason, the camera calibration process for the field measurement
was adjusted to produce a practical procedure that would adapt to the field conditions
and ensure that the camera calibration process could be repeated in each measurement.
The combination of using commercial software (Agisoft Metashape) for calibration of
the intrinsic camera parameters and the self-designed reference frame for the extrinsic
parameters results in a simple calibration routine for large-scale measurements, which is
one of the most challenging tasks of a photogrammetry-based PTV system.

The measured surface velocities (see Figure 6) indicate the change of the discharges in
the river reach at different measurement times; for instance, the flow in Measurement 2 is
15% higher than that in Measurement 1. The corresponding increase reported regarding
mass flow through the Boden hydropower plant is 20% for the same measurement times.
There is hence a distinct correlation between the local surface velocities measured with
photogrammetry and the actual flow through the power plant.

One of the purposes of the paper was to examine the usefulness and compare the
results of different types of seeding particles. In the field measurement, the selection of
floating particles was made considering the environmental impact, flow characteristics (i.e.,
water background), the color contrast with respect to the background, and the practice
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of choice. In this study, all types of selected tracers showed a good level of contrast in
clear water conditions. The particle tracking method and pattern tracking method were
applied in the PTV algorithm for corresponding features, and both approaches give the
results in good accordance regardless of the type of particle (see Figure 7). It is seen that
the velocities in Measurement 1 produce a higher deviation than the results obtained in
Measurement 2. It might be because of the different wind conditions. The wind speeds
were recorded as 3.25 m/s and 2.0 m/s in opposite flow directions during Measurement 1
and Measurement 2, correspondingly.

Regarding the error quantification in the measured velocities, the error sources are split
into systematic error and random error. The main error sources in the PIV/PTV considering
the entire measurement chain were discussed in [33,34]. In this study, the systematic errors
related to the measurement system are estimated from the camera calibration. The random
errors, which may be introduced by the instability of the measurement conditions or
the flow itself or non-uniformity of the background, are produced from the repetition
of the measurements. In the laboratory measurement, the error related to the camera
system is about 0.03% on the measured velocities. In the field, these errors in the velocities
are estimated to be 1.6% for Measurement 1 and 2.0% for Measurement 2. The random
errors are found to be 0.062 m/s and 0.038 m/s for Measurement 1 and Measurement 2,
respectively. It can be seen that the random errors are larger than those which are estimated
with the errors related to the measurement system, both in the laboratory measurement
and in the river flow measurements.

Even if further research is required to study the accuracy of the photogrammetry-
based PTV system comprehensively, the investigation in this study demonstrates good
potential applicability of using multiple cameras in free surface flow velocity estimation.

6. Conclusions

The multi-camera photogrammetric approach of velocity measurement has been
applied for surface velocity estimation of the laboratory water flume to investigate the
properties of the camera system and the PTV algorithm in preparation for the field mea-
surements. In the field of view of 0.8 m × 0.8 m (laboratory flume), the error related to
the camera system is about 0.03%, while the random error is estimated to be 7.7 mm/s
which corresponds to 8.7% on the average velocities. In Measurement 1 at river flow, the
error related to the camera system is estimated to be 1.6%, and the random error is about
0.062 m/s which corresponds to 5.7% on the average velocities. These errors are 2.0% and
3.0% for Measurement 2, in the field of view of 11.0 m × 8.2 m. The use of the proposed
method can provide a reliable estimation of surface velocity with sufficient accuracy.

The study focuses on the camera calibration processes to improve the accuracy, and to
eventually be able to provide a realistic flow surface velocity. The presented calibration
routine in the field measurement can help to overcome the challenges while moving out for
large-scale and more complex measurement conditions. It, therefore, makes the multiple
cameras-based measurement system more practical in natural flow quantification. In
addition, two tracking approaches (i.e., the particle tracking and pattern tracking methods)
applied in the PTV algorithm can provide flexibility for the field measurement in many
circumstances that need tracer seeding due to lack of surface structure on the water flow.
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Abstract: 

Image techniques have been successfully applied for natural flow measurements in the last decade. 

This study focuses on the application of this technique for river velocity measurements using natural 

surface floating patterns. The use of a multiple-camera system provides the ability to perform 3D 

measurements on river surfaces, including surface velocimetry and water surface reconstruction. 

Pattern-based tracking approach is used to adapt the performance of image measurements on different 

types of natural floating tracers. A comparison of pattern-based tracking with particle tracking reveals 

that these two approaches are consistent. In this measurement, an analysis of mean intensity gradient 

(MIG) of river floating patterns shows that the image patterns with larger MIG values yield higher 

accuracy of measured velocities. In addition, considerations on practicing image velocimetry in river 

flows are also presented in this paper. 

 

1. Introduction 

Hydropower was the largest source of renewable energy production in Sweden, accounting for 

approximately 45% of Swedish electricity generation (Swedish‐Energy‐Agency 2020). Flow velocity 

measurements in the vicinity of hydropower facilities are critical in a variety of practical applications 

to ensure sustainable hydropower and develop hydropower production. For example, estimating flow 

discharge, exploring eco-hydraulic issues, including fish migration, pollutant transport and river 

erosion and understanding river floating debris are a few areas of practical application (Govers 1992; 

Piper et al. 2015). Measuring these flows, however, impose challenges due to their vast and 

complicated geometry. This work aims to adapt the surface velocity measurements in natural streams 

and to increase the ability to use the naturally occurring surface patterns in rivers as tracers. 

In most open channels, flow velocity is usually conducted directly by contact devices such as 

acoustic Doppler velocimetry (ADV), current meters, or velocity propellers. These methods are 
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expensive and time-consuming to perform, and the measurement process requires contact with the 

waterbody. To limit safety hazards for operators and equipment, these surveys are normally 

performed during low or moderate flow conditions. A more advanced technique, the acquisition of 

flow velocity and depth can be conducted simultaneously with acoustic Doppler current profilers 

(ADCPs) (Kostaschuk et al. 2005; Mueller et al. 2009). Measurements can be executed along 

transects of wide rivers with small boats, however the sensor is expensive and must be in contact with 

waterbody thus avoiding its use in severe flood conditions.  

In contrast to contact methods, noncontact flow estimation approaches such as radar (Costa et 

al. 2006) and thermal infrared image (Puleo et al. 2012) show several advantages due to their 

relaxation from flow disturbance and damage. Though these options rarely reduce the issues related to 

both costs and time-consumption. 

Traditional river velocity measurement devices, both contact and noncontact are typically 

expensive and provide limited spatial coverage. In laboratory hydraulic experiments, image-based 

velocimetry such as Particle Image Velocimetry (PIV) and Particle Tracking Velocimetry (PTV) are 

widely employed and has been standard techniques over the last three decades (Adrian 1991; Adrian 

2005; Baek and Lee 1996). PIV takes an Eulerian perspective by calculating shifts in distinctive 

intensity patterns of groups of tracer particles in subregion areas across at least two frames with a 

known time lag and analyzing instantaneous velocity. Whereas PTV adopts a Lagrangian point of 

view that determines the velocity and reconstructs the path of the individual particles. Both techniques 

were essentially developed from the basic principle technique to the large-scale situations known as 

Large-scale Particle Velocimetry (LSPIV) (Fujita et al. 1998) and Large-scale Particle Tracking 

Velocimetry (LSPTV). Furthermore, there are other alternative image-based velocimetry techniques, 

for instance, Space-Time Image velocimetry (Fujita et al. 2015; Fujita et al. 2007) and optical flow 

applications (Lucas and Kanade 1981; Perks et al. 2016). With provided affordable and flexible image 

systems in recent years, these approaches have advanced our ability to perform noninvasive natural 

flow observations at a high temporal resolution to help overcome the limitations of traditional 

measurement methods.  

In river surface velocity measurements, flow seeding is an unavoidable task in some situations 

where the water flow is clear and there is no occurrence of floating materials on the surface. 

Depending on the goal of the adopted methods, for instance, LSPIV or PTV, the surface seeding 

material will be chosen based on the shape and size as well as the ability to travel on the flow surface. 

While LSPIV requires particles to be densely and homogeneously distributed, PTV approach needs 

sparse and highly defined shape particles. The seeding task in actual field conditions may face some 

challenges when the measurement tends to observe a large area of water. Moreover, the seeding 

quality is not always ensured due to human and outdoor environments such as wind and river reach 

characteristics. Investigation on optimizing tracer seeding for image-based velocimetry, Dal Sasso et 
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al. (2018), Dal Sasso et al. (2020), Dal Sasso et al. (2021) and Pizarro et al. (2020), Pizarro et al. 

(2020) revealed that spatial distribution and seeding characteristics have a significant impact on the 

performances of surface velocity measurement in rivers. More recently, Biggs et al. (2022) developed 

a UAV-borne system to distribute biodegradable tracer particles to rivers and canals that lack 

sufficient natural tracers.  

Measurement station setup with low-cost digital image storage was used to monitor the 

streamflow regime over long time spans (Tauro et al. 2016); the study demonstrates that using PTV to 

analyze experimental photos can yield reliable surface-flow velocity estimates. For such applications, 

the ability to use the presence of natural floating patterns on the flow surface would increase the 

insight into the various flow conditions. In clear water flow, floaters may individually travel through 

the field of view, the PTV approach would be appropriate to deploy. However, for PTV shape of the 

surface particle need to be highly defined. For example, Tauro et al. (2017) successfully estimated the 

surface velocity of streamflow using PTV-stream with artificial seeding particles. The same tool was 

applied to measure a moderate flood at a river, the outcome of the study demonstrated the potential of 

the tool but also raised challenges in using floating debris as particles for traditional PTV. In flood 

flow, the water flow itself provides a continuously floating pattern in images which can be used as a 

flow pattern for velocity estimation. Hence, LSPIV approach is more suitable in such flow conditions. 

For example, Dramais et al. (2011) investigated LSPIV for the flow velocity and flood discharge 

measurements toward a remote stream gauging technique.  

In most LSPIV studies, the flow surface is assumed as an inclined or horizontal plane when 

performing surface velocity measurements in rivers. Cameras are required to face in nadir angle to the 

water surface (Tauro et al. 2019) or image frames have to be orthorectified to counteract the 

considerable distortions caused by the camera's viewing angle (Detert and Weitbrecht 2015; Fujita et 

al. 2015; Patalano et al. 2017). The assumption of 2D plane water surfaces may be acceptable for low 

to moderate flow conditions with regular riverbeds but not for steep rivers and extreme free-surface 

deformation in high-flow situations. Thus, a multiple-camera system rather than single camera may 

avoid any needed assumption about flow surface as well as image orthorectification. This method 

enables the estimation of 3D water surface as well as water level variation. For example, Li et al. 

(2019) utilized a stereo-imaging system to estimate the surface velocity field and water surface 

distribution of a mountainous stream. Therein, the influence of uneven surface on LSPIV 

measurements is demonstrated by significant disparities between 3D reconstructed water surface, 

inclined planar surface, and horizontal plane assumptions. Depending on the actual surface curvatures, 

velocity measured with the planar surface assumption can be under- or over-estimated.  

Given the mentioned challenges of river seeding task, in this work we aim to improve the 

ability in using natural floating surface patterns rather than artificial tracer particles in circumstances 

where surface floaters exist. To estimate the 3D magnitude of velocity and the 3D elevation of the 
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river surface, a three-camera imaging system was employed to capture natural surface patterns 

moving through the field of view. Because the surface floating pattern is discontinuous, the PTV 

technique is used to track the floaters in image sequences. However, the movement of the flow 

surface is assessed using surface patterns represented by subregions made up of groups of floating 

material rather than singularly specific particles. Positions of surface points are defined using a 

camera network correlation approach to preserve good regions of interest for tracking and discard 

unqualified surface regions. Similar to the traditional PIV interrogation method, subregion searching 

is identified using image cross-correlation. The instantaneous surface velocity field between 

successive frames is computed, and trajectories for the whole image sequence are reconstructed by 

triangulation process using calibrated cameras.  

In this paper, we present a multiple camera based PTV system which enables the estimation of 

3D surface velocity magnitude and the reconstruction of 3D river surface, using natural floaters on the 

river surface that pass through the field of view of the camera system. A series of field measurements 

were conducted in a river utilizing various natural surface floating patterns. To demonstrate the 

solution, a comparison of subregion-based 3D and 2D-PTV, LSPIV and discrete particle-based PTV 

is presented. An outlier filtering strategy based on image matching and post-processing is described. 

In addition, we also investigate the characteristics of typical surface pattern observed from this 

measurement to determine how they affect the measured velocity.  The paper is structured as follows: 

The description of the measurement system and field measurement are introduced in section 2; 

Section 3 describes the approaches for surface velocity observation; The image processing procedure 

is presented in Section 4; Results and discussion are presented in Section 5; Concluding remarks are 

summarizes in Section 6. 

2. Measurement setting 

This section presents details about the measurement site and the employed imaging system. 

Following that, the characteristics of the field conditions and the image processing methods are 

discussed. 

2.1 Measurement site and imaging system configuration 

Experiments were carried out in Lule river at Boden, Sweden (Svedjebron bridge 

75°12'45.814" Latitude, 395°9'22.5" in WGS 84 coordinate system) on 24th May and 4th June 2021. 

The flow discharges during the experiments were in the range of 809 – 894 m3/s on 24th and 663-730 

m3/s on 4th of June, respectively, according to data collected by the Boden hydropower plant about 

800 meters upstream of the measurement position. The camera system consists of three cameras 

(Genie-Nano-5G) with a resolution of 2464×2056 pixels and are equipped with 16mm lens. The 

images were acquired using synchronized stationary cameras fixedly mounted on the bridge and had a 
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field of view of 7×6m2 on the river surface. The measurements were carried out in the late spring 

when the flow through the upstream Boden hydroelectric facility was relatively high. 

The measurements were taken out in daytime sunshine conditions. Camera calibration to 

establish the interior and exterior camera parameters was done at the measurement field to assure the 

reliability of camera parameters. The camera calibration technique is detailed in Trieu et al. (2021). 

2.2 River surface floating pattern 

During the measurement campaign, the surface of the river reaches was carrying various forms 

of floating material formed upstream. Numerous river flow data sets in actual environmental 

conditions were recorded in the Spring of 2020 and 2021 (see Figure 1). In the absence of natural 

tracer particles, artificial seeding is needed (Figure 1 a, b, c), therein artificial tracers were distributed 

from the bridge; however, it was a challenge to provide a good seeding that covers a large area of 

water surface if the field of view is large and seeding position is too far from the water surface. In 

conditions where natural surface floaters are presented (Figure 1 d, e, f), the image analyses for 

surface velocity can be performed without the requirement of flow seeding. However, natural surface 

floaters usually appear at random and discontinuously in a variety of forms and sizes. Figure 2 depicts 

cropped examples of three types of typical surface floaters found during our measuring campaign.  

   

(a) (b) (c) 

   

(d) (e) (f) 

Figure 1. River surface patterns in different measurements 

 

5773183_Inlaga.indd   335773183_Inlaga.indd   33 2022-12-21   12:102022-12-21   12:10



6 
 

   

Type A Type B Type C 

Figure 2. Typical occurrences of floating patterns on river surface 

 

3. Image-Based approaches for river surface velocimetry: PTV and LSPIV 

PIV and PTV are based on Eulerian and Lagrangian frames of reference (i.e., algorithms, point 

of view). Each algorithm has its own set of assumptions and constraints. For instance, for reliable 

results, Eulerian requires a steady state of flow and a consistent quantity of tracers present throughout 

the processing time, conversely Lagrangian approach is less concerned with flow steadiness because it 

specifies the particle's position at any given time but is however difficult to characterize when tracers 

are dense and regularly interact with one another (Jolley et al. 2021). Given the characteristics of 

naturally occurring surface floaters (as shown in Fig. 1, Fig. 2), as well as the fact that these surface 

patterns are inhomogeneous in space and discontinuous in time, the PIV approach may be negatively 

affected because the average velocity is calculated by velocities across fixed space points on the river 

surface over the entire image sequence. Though, because the river surface floaters are not uniformly 

and not clearly defined in shape, the standard PTV approach is likewise unsuitable for deployment. 

These surface materials resembled patterns rather than single particles.  

In this study, we employ a pattern-based PTV approach, in which surface patterns representing 

interrogation areas (subregion) are tracked over entire image sequences. This method takes advantage 

of natural surface floating patterns on river flow that occur at random in both space and time. A priori 

knowledge of the shape and intensity of tracer particles is not required in this case, but the frame-by-

frame displacement of the surface patterns needs to be known in order to estimate the size of the 

subregion and search regions. Consequently, PTV is utilized to reconstruct individual subregions' 

flow paths.  
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4. Image processing procedure 

In this section, two main techniques are described. In the first subsection, the surface velocity is 

determined in 3D coordinates system using all cameras in the imaging system. Therein the 

coordinates of the surface points are obtained using optical triangulation from all cameras in the 

system. The second approach is image-based velocimetry from a single camera, which necessitates 

images to be undistorted and then orthorectified using a projective transformation based on Ground 

Control Points (GCPs). This method manipulates the image such that all pixels have the same spatial 

length. The following subsections describe the details of velocity estimation from a multiple-camera 

system and from a single camera. 

4.1 Camera network correlation and define grid surface 

To be able to determine river surface points in spatial coordinate systems, we must first identify 

the homologous points in all cameras, i.e. the image points that represent the same points on the water 

surface. The aim of camera network correlation is to find the homologous points representing the 

spatial grid surface points on the measured area. These grid surface points are initially approximated 

with the assumption that the water surface is a planar plane. The camera network correlation starts 

with the initial approximated coordinate of a 3D surface point and adjusts its coordinate towards 

finding its ideal position so that its reprojection onto the cameras gives the best cross-correlation for 

all camera pairs. The camera network correlation for each grid point is then executed as follows: 

Assuming the approximated 3D surface point is at a distance d from its ideal position. The 

correlation between camera pairs is performed for each incremental of [−𝑑𝑑, 𝑑𝑑] , to find Δdmax, which 

corresponds to the maximum of camera pair's correlation coefficient. To be more specific, at each 

incremental 3D surface point is reprojected onto the images of each camera in the network to get 

corresponding image points. Subregions for cross-correlation are generated from these image points. 

Cross-correlation method is used to measure the similarity between corresponding subregions in 

image pairs. There are three image pairs in total from the three-cameras system. The median of 3 

correlation peaks of 3 image pairs is considered as the correlation peak of camera network correlation 

at this incremental step. The incremental step corresponds to the correlation peak is the best point in 

the range [−𝑑𝑑, 𝑑𝑑]  and gives the highest correlation for the camera network (see Figure 3a, b). This 

best incremental point is then used to recalculate the 3D coordinates of the surface point from its 

initial approximation position. The best-adjusted 3D points on the water surface are reprojected onto 

the images of each camera in the network. As a result, grid surface points on the image are determined 

(see Figure 3c). The camera network correlation step results are used in the filtering criteria of the 

image processing procedure (see Section 4.4). This filtering criterion keeps the good regions for 

image tracking and excludes the unqualified surface regions from the calculation (Figure 3c). 
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(a) (b) 

 

(c) 

Figure 3. Camera network correlation. (a) Invalid surface point, (b)Valid surface point, (c) 3D water 

surface points estimated by camera network correlation 
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4.2 Calibrated-image orthorectification and 2D velocity measurement 

In LSPIV application, orthorectification needs to be carried out to correct images from 

perspective distortion. To orthorectify an image, imaged GCPs with known real-world coordinates are 

established in the frame of view and paired with their pixel locations. Since the interior and exterior 

camera parameters of the camera system are provided from the calibration, it is possible to calculate 

the spatial coordinates of points on the water surface. A set of points on the river surface is therefore 

used as GCPs. Assuming the water surface of the analyzed area of interest represents a planar plane. 

A 2D transformation that represents 8 parameters of perspective projection between the spatial 

coordinates and projection of these GCPs onto the image (Corke and Khatib 2011; Patalano et al. 

2017). 

Figure 4 shows an example of the original image and orthorectified image as well as 

corresponding water surface points in these two images. 2D velocity estimations (i.e., PTV and 

LSPIV) are performed on rectified images. As a result, the 2D velocity magnitudes of the 

instantaneous and average surface velocity fields can be obtained. A comparison of velocity 

magnitude measured by the three approaches (i.e., 3D-PTV, 2D-PTV and LSPIV) is presented in 

Section 5.1. 

 

Figure 4. An example of corresponding river surface points in original image (left) and 

orthorectified image (right)  
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4.3  Image correlation 

Consider two successive frames with approximately the same features that are recorded at two-

time instances. The image positions of grid surface points in the first capture of the image sequence 

are then used to perform the cross-correlation, which is employed to estimate the movement of 

surface pattern in the image sequences. In this study, zero mean normalized cross-correlation (ZNCC) 

is applied for both the multiple-camera based approach and the single-camera approach. It is assumed 

that the motions of the features between the two frames are small, thus, local information can be 

utilized to estimate local motion. The procedure in image correlation is to pick out a subregion from 

the reference image and search in the successive image for the maximum correlation value. The 

subregion's local displacement vector is then estimated using the two translation components 

corresponding to the peak of the correlation map. 

The subregion interrogation is implemented as follows: The first pass of analysis is started with 

a number of points distributed inside the subregion. The first pass provides displacement information 

in the original interrogation area. The number of search points in the first pass can be at the pixel level 

to roughly find the peak region in the subregion (see Figure 5b). In the second pass, the cross-

correlation is performed for a small search area around the peak region estimated in the first pass. At 

sub-pixel level, this interrogation pass correlates the original interrogation area in the search image 

with the reference image (see Figure 5c).  Finally, to avoid peak locking issues, a second order 

polynomial is employed to fit the peak surface, and therefore the most reliable peak of the correlation 

map is estimated (see Figure 5d).  

Image correlation is performed in orthorectified images to calculate 2D velocity distribution on 

the river surface. In 3D-PTV, the defined surface points (as described in Section 4.1) are tracked in 

the image sequences of all cameras, and their coordinates are calculated by triangulation. As an 

example, Figure 6(a) shows an instantaneous velocity vector map from the original image in 3D-PTV, 

and Figure 6(b) shows the result from the orthorectified image in LSPIV. The surface pattern 

trajectories are reconstructed in 3D-PTV analyses, as illustrated in Figure 7. 
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(a) (b) 

 
 

(c) (d) 

Figure 5. An example of interrogation correlation procedure, (a) Two passes of cross correlation, (b) 

Correlation map of the first pass, (c) Correlation map of the second pass, (d) Surface fitting on 

correlation peak region 

 

  

Figure 6. Instantaneous velocity field from 3D-PTV (left) and LSPIV (right) on rectified image 
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Figure 7. An example of reconstructed surface pattern trajectories 

 

 

4.4  Outlier filtering of velocity vector 

In image-based river velocimetry, outlier filtering is critical to improving the velocity estimation 

accuracy. Image cross-correlation-based filtering (Li and Yan 2022; Li et al. 2019) and post-

processing (Jin and Liao 2019) are two common error-filtering strategies. Based on these principles, 

several methods for eliminating potentially inaccurate velocity vectors have been published. Tauro et 

al. (2017) developed trajectory-based filtering for PTV using a priori knowledge of the flow direction. 

Recently Eltner et al. (2020) proposed a track filtering criterion that includes a minimum proportion 

of frames in which features must be traceable, minimum and maximum distance limits, and flow 

direction. For LSPIV application by Li et al. (2019), the filtering procedures were based on the 

normalized correlation coefficient, the discarding of spurious vectors, and the global mean and 

standard deviation at each mesh point on the flow surface. 

In this work, a filtering criterion that encompasses both strategies are applied in the image 

processing procedure as three criteria are presented below: 

(1) The first criterion is used in the camera network correlation step to define grid points on the 

river surface (see section 4.1). A surface point is considered invalid if its median correlation 

coefficient is less than 0.9 or the difference in x-coordinate between the three correlation 

peaks is greater than a threshold value (see Figure 3). The threshold value indicates the 

acceptability of the disparity of surface point coordinates determined by camera pairs in the 

imaging system. In this study, this value is set to 0.01m.  

(2) The second criterion is a correlation coefficient-based filter in image sequences, which is 

deployed in the correlation-based tracking process. A grid point is marked as invalid if its 

correlation coefficient between captures less than 0.90. 
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(3) The third criterion detects outlier vectors in post-processing validation of the surface velocity 

field. The local mean velocity of each grid point is calculated from its surrounding grid points 

on a 33 mesh grid. The residual is defined as the difference between the measured velocity 

and the local median. A velocity vector is marked as an outlier if it has any velocity 

component whose residual is two times greater than the median of its surrounding points' 

residuals. 

 

5 Results and discussion 

5.1 Surface velocity estimation using different approaches 

In order to provide a comparison between 3D-PTV, 2D-PTV, and LSPIV, these three approaches 

are applied to an image sequence with surface floating patterns occurring continuously. Thus, the 

observed surface area is divided into horizontal sections (see Figure 8a). All three approaches are 

performed using surface pattern-based matching. The comparison is made for sections where surface 

patterns appear continually and travel throughout the recording duration. The average velocities and 

standard deviations of 3D-PTV, 2D-PTV, and LSPIV data from each horizontal section are compared 

over the image sequence (reported in Table 1). Therein, 3D surface velocity is estimated using 

original images from all cameras in the system, whereas 2D-PTV and LSPIV are performed using 

orthorectified images. It is seen that all three approaches capture the increasing velocity of horizontal 

parts of the picture from top to bottom. Data points are average velocity of the sections, and standard 

deviations are shown as shaded regions (see Figure 8b). The three methods have a great agreement in 

terms of velocity magnitudes and standard deviations. The standard deviations vary between 3.0% and 

5.0% of average velocity magnitude.  

Using data from orange seeding image sequences, a comparison of pattern-based image tracking 

and particle tracking is also performed. The image sequences of orange particles were captured 

shortly after recording the surface floating pattern image sequence. Assuming the variations in river 

velocity between recorded events are insignificant. The orange particles are assigned to corresponding 

water surface sections where the particles locate. The particle tracking and velocity estimation method 

are detailed in Trieu et al. (2021). The results are shown in Figure 8, thereby average surface velocity 

estimated by orange particle tracking are reported for Sections 1, 3, 4 and 8. In general, the average 

velocities of sections have a similar trend as velocity magnitudes increase slightly from Section 1 to 

Section 8. In Sections 1, 3 and 4, particle tracking velocity magnitude is 5.7% to 13.6% greater than 

pattern-based tracking velocity, whereby in Section 8, particle-based measured velocity is 2.1% lower 

than the pattern-based result. This is probably due to a fact that there are more orange particles in 

Section 8 than in Sections 1, 3 and 4. Especially, the position of the orange particle in Section 1 is far 

downstream compared to the same type of particle in the other Sections as well as to surface floating 

patterns. In general, the particle tracking approach gives higher surface velocity than that estimated by 

pattern-based tracking approaches. This agreed with previous studies (Tauro et al. 2016; Tauro et al. 

5773183_Inlaga.indd   415773183_Inlaga.indd   41 2022-12-21   12:102022-12-21   12:10



14 
 

2017) and was explained that due to tracer clustering, large portions of the field of view lack surface 

characteristics, resulting in low velocities. However, the standard deviations of particle-based tracking 

are about two times larger than those of pattern-based tracking (see Table 1). This may be due to the 

variations of particle's shape during image sequences caused by sun reflection, and they are partially 

submerged under the water surface. The difference in velocity magnitude between 3D-PTV and 2D-

PTV is small, in the range of 0.1% -0.3 %. Thus, in this measurement, the assumption on a planar 

plane of the river surface in this experiment can be considered appropriate.   

 

Table 1 

Average surface velocity and standard deviation computed for horizontal regions using different 

approaches 

Section S1 S2 S3 S4 S5 S6 S7 S8 

 

Average 
velocity 

(Standard 
deviation 

m/s) 

3D-
PTV 

1.011 

(0.051) 

1.058 

(0.033) 

1.097 

(0.042) 

1.160 

(0.066) 

1.213 

(0.064) 

1.243 

(0.059) 

1.282 

(0.049) 

1.304 

(0.040) 

2D-
PTV 

1.014 

(0.049) 

1.059 

(0.033) 

1.098 

(0.042) 

1.163 

(0.064) 

1.212 

(0.063) 

1.242 

(0.060) 

1.281 

(0.049) 

1.302 

(0.040) 

LSPIV 1.005 

(0.053) 

1.061 

(0.037) 

1.106 

(0.048) 

1.174 

(0.068) 

1.225 

(0.061) 

1.249 

(0.060) 

1.281 

(0.053) 

1.299 

(0.040) 

Orange 
particle 

(3D-
PTV) 

1.170 

(0.110) 

- 1.196 

(0.094) 

1.231 

(0.103) 

- - - 1.2765 

(0.102) 

The largest standard deviations are marked in bold. "-" values mean that there are no data for these 
sections. 
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(a) 

 

(b) 

Figure 8. (a) Horizontal regions (1 to 8) and (b) corresponding surface velocities  
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5.2 Comparison of measured velocities from typical natural surface patterns. 

The natural surface patterns are in various appearances. In this experiment, most of the surface 

patterns were generated from spill flow upstream. The surface patterns are usually inhomogeneous 

and different in density distribution. However, in general, the river surface pattern in this 

measurement campaign can be categorized into three typical types, A, B, and C (see Figure 2), based 

on their shapes and distribution. To evaluate the influence of river floating patterns on image-based 

velocimetry, an investigation of three typical types of flow patterns recorded in this measurement has 

been done. Figure 9 shows that the feature distributions, brightness, and histogram distributions of 

these three floating patterns are noticeably different. 

To address the quality of the pattern to the accuracy of measured displacement in the 

correlation-based tracking method, Pan et al. (2010) reported the relation of a so-called mean intensity 

gradient parameter to the error of deformation measurement. The MIG is denoted by 𝛿𝛿𝑓𝑓 and computed 

as equation (1) 

                                             𝛿𝛿𝑓𝑓 =  ∑ ∑ |∇𝑓𝑓(𝑥𝑥𝑖𝑖𝑖𝑖)|/(𝑊𝑊 × 𝐻𝐻)𝐻𝐻
𝑖𝑖=1

𝑊𝑊
𝑖𝑖=1                                                      (1) 

Where W H |∇𝑓𝑓(𝒙𝒙𝑖𝑖𝑖𝑖)| = √𝑓𝑓𝑥𝑥(𝒙𝒙𝑖𝑖𝑖𝑖)2 + 𝑓𝑓𝑦𝑦(𝒙𝒙𝑖𝑖𝑖𝑖)2

𝑓𝑓𝑥𝑥(𝒙𝒙𝑖𝑖𝑖𝑖) 𝑓𝑓𝑦𝑦(𝒙𝒙𝑖𝑖𝑖𝑖) x y- directional intensity 

derivatives at pixel (𝒙𝒙𝑖𝑖𝑖𝑖).  

It is recommended that a good pattern should be of large MIG. Using the same concept for the 

river surface patterns, MIG value is calculated for three types of surface pattern images presented in 

Figure 9. The results show that the standard deviation (STD) of the measured velocity is related to the 

pattern's mean intensity gradient, and the pattern with the bigger mean intensity gradient yields a 

lower velocity standard deviation. Evaluating the results of three image sequences represented for 3 

types of patterns, a similar finding can be seen in Figure 10, which indicates that pattern A produces 

the lowest standard deviation in measured velocity. In addition, among the three patterns, pattern C is 

the most susceptible to changes in brightness and contrast caused by sunlight. Because these changes 

are independent of flow movement, they contribute to the uncertainty of the measurement. 

A laboratory experiment was conducted to assess the dependence of image-correlation-based 

measurement accuracy on the pattern employed. A multiple-camera system was used to quantify the 

displacement of image patterns. We employed a motorized lead-screw driven translation stage with a 

travel range of 300 mm from Zaber Technologies to translate the image patterns with high precision 

(see Figure 11a). The patterns were translated in 1 mm steps, with a total of 30 steps corresponding to 

30 image captures. The errors in measured displacements are displayed in Figure 11c using the same 

approach to evaluate the accuracy of measurements on five different picture patterns (Figure 11b). 

The results show that patterns with lower mean intensity gradients yield larger measurement errors. 
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                               (A) 
 

(a) 

 

                          (B) 
 

(b) 

 

                           (C) 
 

(c) 

Figure 9. Three types of river surface patterns and their corresponding histograms: (a) Pattern A, 

MIG = 53, STD = 0.015 m/s; (b) Pattern B, MIG = 40, STD = 0.03 m/s; (c) Pattern C, MIG = 29, 

STD = 0.05 m/s 
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Figure 10. Standard deviation of measured velocity corresponding to three types of surface patterns 
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(a) 

     

(R1) (R2) (R3) (R4) (S) 

 

(c) 

Figure 11. Measurement the displacement of pattern. (a) Zaber translation stage and image pattern, 

(b) River surface patterns (R1-R4) and speckle pattern (S), (c) Error in measured displacement 

corresponding to different patterns 
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5.2 River surface reconstruction 

In the multiple-cameras imaging system, when all correspondent river surface points are found 

between image pairs, their three-dimensional physical coordinates are determined following 

triangulation as described in the 3D-PTV method. Figure 12(a) shows the reconstruction of 3D points 

on the river surface and Figure 12(b) shows a visualization of the observed water surface area by 

interpolation of measured 3D surface points in Figure 12(a). The third components of river surface 

points provide information on their elevation in the defined coordinate system. Using the same 

reference coordinate system when observing the river surface, one can detect the variation of water 

level over a period. Three-dimensional information of the water surface also detects the stage 

variation where it exists. Such information is crucial for discharge estimation, periodical analysis of 

the state of reservoirs and probably for flood warnings. 

 

(a) 

 

(b) 
Figure 12. An example of (a) 3D reconstructed river surface points, (b) Interpolation of river surface  
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5.3 Considerations in image-based river velocimetry 

The capability to track identifiable surface particles or patterns is essential for successful 

image-based surface velocity measurements. Artificial tracer particles are usually deployed to 

improve the reliability of measurements. Investigation of good patterns for tracking may provide 

knowledge for selecting and designing seeding material in river velocimetry applications, for example, 

foam or wood shaving. However, seeding in large river conditions presents many challenges, 

including the number of participants and amount of seeding material required to cover a large water 

surface. For unseeded applications, natural floating tracers on the water surface can be used for image 

analysis.  

The choice of method to perform the surface velocity measurements depends on the required 

output and needed precision and accuracy. In natural streams, the pattern-based tracking method has 

several advantages over the particle tracking method, such as the ability to use natural floating 

patterns on river surfaces, the relaxation of the requirement for tracer particles to have a well-defined 

shape and size, and its applicability on a larger scale. Natural tracer dispersion is often 

inhomogeneous, and surface patterns can vary significantly according to sunlight reflection. Outlier 

filtering is thus critical for a reliable result. In this paper, we present a filtering approach that 

incorporates both image-matching and post-processing strategies. In particular, using a multiple-

camera system enables the capacity to detect good regions on surface patterns for image tracking 

through the camera network correlation procedure. Another advantage of the multiple-camera system 

is that the river surface can be reconstructed, allowing water level variation and water stage to be 

assessed. 

 Image-based velocity measurements are not only sensitive to the employed algorithm and its 

parameters but also to the measurement setup, camera calibration, and image processing method. 

Camera calibration is highly recommended to reduce image distortion. Detert (2021) reported that the 

accuracy of image velocimetry is greatly improved with a careful calibration process.  

 In wind conditions, image velocimetry should be avoided for low and stable flow 

measurements. Because surface wind generates small waves, such as capillary gravity waves, which 

travel at their own speed and direction, they contribute to measurement error. 
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6. Conclusions 

In this study, we examine the performance of image velocimetry using a pattern-based tracking 

technique toward surface velocity estimation in the natural flow. We applied the pattern-based 3D-

PTV, 2D-PTV and LSPIV on the same data set to validate the performance of different approaches. 

All surface pattern-based tracking methods produce a great agreement for both velocity magnitude 

and velocity standard deviation. The differences between 3D and 2D velocity magnitude are in the 

range of 0.1% -0.3 %. The measured surface velocities using image pattern-based tracking were also 

compared to those measured using particle tracking. The pattern-based tracking velocities are 

observed to be slightly lower than the particle tracking result. However, the standard deviation in 

particle-based tracking velocities is two times larger than that of the proposed pattern tracking 

methods.  

The analysis of the characteristics of river floating patterns was performed to understand their 

effects on measurement accuracy. Both laboratory and field intestigations reveal that the image 

patterns with larger MIG values provide higher accuracy of measured velocities.   

Natural river flow measurements are greatly beneficial by the image-based technique. In this 

paper, we also discuss the considerations needed to take into account when practicing image-based 

velocimetry. Understanding the primary factors that influence the dependability of LSPIV and PTV 

allows individuals to make better decisions, from choosing a deployed method and data acquisition to 

image analysis. 
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