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Abstract

Image-based methodologies, such as large scale particle image velocimetry (LSPIV) and

particle tracking velocimetry (PTV), have increased our ability to noninvasively conduct

streamflow measurements by affording spatially distributed observations at high tempo-

ral resolution. However, progress in optical methodologies has not been paralleled by the

implementation of image-based approaches in environmental monitoring practice. We at-

tribute this fact to the sensitivity of LSPIV, by far the most frequently adopted algorithm,

to visibility conditions and to the occurrence of visible surface features. In this work, we

test both LSPIV and PTV on a data set of 12 videos captured in a natural stream wherein

artificial floaters are homogeneously and continuously deployed. Further, we apply both

algorithms to a video of a high flow event on the Tiber River, Rome, Italy. In our applica-

tion, we propose a modified PTV approach that only takes into account realistic trajecto-

ries. Based on our findings, LSPIV largely underestimates surface velocities with respect

to PTV in both favorable (12 videos in a natural stream) and adverse (high flow event in

the Tiber River) conditions. On the other hand, PTV is in closer agreement than LSPIV

with benchmark velocities in both experimental settings. In addition, the accuracy of PTV

estimations can be directly related to the transit of physical objects in the field of view,

thus providing tangible data for uncertainty evaluation.

1 Introduction

Streamflow data are essential for developing and calibrating rainfall-runoff models.

In most open-channels, discharge estimations are conducted with the velocity-area method,

which is based on discrete integration of discharge from flow velocity and depth measure-

ments sampled throughout the channel cross-section [LeCoz et al., 2012; International Or-

ganization for Standardization, 2007a,b]. In individual surveys, velocity measurements are

conducted with rotating propellers lowered into the stream at different depths and stabi-

lized with weights [International Organization for Standardization, 2007a]. However, since

direct velocity and depth measurements are expensive and time-consuming, such surveys

are performed once every several years depending on site complexity, existing number of

gaugings, and funding availability. In turn, discharge is routinely derived from curves re-

lating water level to flow, that is, rating curves [Clarke, 1999]. Errors in water level and

velocity measurements during surveys and cross-section change due to vegetation growth

and bed movement have been regarded as considerable sources of uncertainties in dis-
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charge measurements through rating curves [McMillan et al., 2010]. Another considerable

source of uncertainty is due to the fact that individual surveys at selected cross-sections

are conducted during low to moderate flow conditions to limit safety hazards to opera-

tors and instrumentation. In fact, during floods, the use of rotating propellers may be hin-

dered or lead to considerable errors due to the transit of debris and bulky stones or tree

trunks [Costa et al., 2000]. Therefore, rating curves are rarely adequate to evaluate dis-

charge in severe flood and drought conditions [DiBaldassarre and Montanari, 2009], and

they hamper the accuracy of flood-frequency and flood-inundated areas estimations.

The use of acoustic Doppler current profilers (ADCPs) has partially mitigated the

issues of updating rating curves and gathering measurements in moderate flood condi-

tions [Yorke and Oberg, 2002; International Organization for Standardization, 2012]. In

fact, ADCPs enable the simultaneous acquisition of water velocity and river depth [Mueller

et al., 2013]. Measurements can be conducted with small boats along river transects, whereby

profiling each transect typically takes 30 min, or by installing the profiler on the channel

bed. Alternatively, instruments can be installed horizontally at a river bank, and contin-

uous discharge data can be obtained from single-depth horizontal array observations of

velocity [Hoitink et al., 2009]. This methodology is promising for estimating discharge in

wide rivers (that is, from a few to several tens of meters); however, the approach is af-

fected by river bed morphology and flow turbulence [Mueller et al., 2013]. Fixed ADCPs

enable measurements during high flows, yet, their use presents issues in case of cross-

section change [Le Coz et al., 2008]. Therefore, mobile ADCPs would be required for up-

dating rating curves [Le Coz et al., 2016]. In addition, the sensor needs to be in contact

with the current and is relatively expensive, thus preventing its use in severe flood condi-

tions.

Non-contact flow sensing approaches present several advantages with respect to tra-

ditional methodologies. Instruments are not lowered into the stream, thus limiting flow

disturbance and damages during floods. In Costa et al. [2000], a proof of concept experi-

ment was performed by measuring river surface velocity with a pulsed doppler radar and

channel cross-sectional area with a ground-penetrating radar antenna. Mean cross-sectional

velocity was estimated assuming a typical velocity profile for the channel. Further appli-

cations of radar technology can be found in Melcher et al. [2002] and Costa et al. [2006].

Similar noninvasive approaches entail the use of X-band radars [Lee et al., 2002], coherent

microwave systems [Plant et al., 2005], and thermal infrared imagery [Puleo et al., 2012].
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Despite their promise, these methodologies are rarely implemented in environmental moni-

toring practice due to costs.

In the last decades, streamflow gauging in remote areas has also been attempted with

satellite altimetry [Koblinsky et al., 1993]. Satellite observations of river level are typi-

cally retrieved from radar altimeters and combined with ground measurements and satellite

data, such as cross-section geometry or velocity measurements, to estimate river discharge

and inundation areas [Smith, 1997; Tarpanelli et al., 2013, 2015]. Satellite observations

have also been instrumental for hydraulic model calibration [Domeneghetti et al., 2014;

Domeneghetti, 2016] and flood propagation modeling [Yan et al., 2015]. Recently, a fully

noninvasive method based on Landsat Thematic Mapper images has been demonstrated

to estimate absolute discharges of large scale rivers agreeing to within 20 − 30% of tra-

ditional in situ measurements [Gleason and Smith, 2014]. Ongoing and future satellite-

based observations, such as measurements enabled by the Surface Water & Ocean Topog-

raphy (SWOT) mission, are expected to open novel avenues in streamflow measurements.

However, currently, satellite resolution and turn-around times present serious challenges in

discharge estimation. Even if water level time series have been densified by considering

multimission satellite data [Tourian et al., 2016], altimetry data have only been recently

applied for monitoring rivers smaller than several hundreds of meters in width with typi-

cal errors from 30 to 70 cm and the use of such data still requires sophisticated process-

ing [Schumann and Domeneghetti, 2016].

Both invasive and non-contact traditional streamflow gauging technologies tend to

be expensive, and, with the exception of satellite-based data, present limited spatial cov-

erage [Gleick, 1998; Hannah et al., 2011]. Dealing with costly equipment involves main-

tenance of sophisticated technology and adequately trained staff [Turnipseed and Sauer,

2010]. Such difficulties hinder the implementation of dense sensing networks in difficult-

to-access environments [van de Giesen et al., 2014]. Optical methods based on the acqui-

sition of digital images of the stream surface have been a promising opportunity for inex-

pensive and noninvasive streamflow monitoring. Image-based approaches rely on the use

of low-cost commercial cameras, and information on stream surface velocity is inferred by

applying a multitude of diverse algorithms. Popular velocimetry approaches involve the

analysis of digital images with large scale particle image velocimetry (LSPIV) and particle

tracking velocimetry (PTV). However, alternative methods, such as the space-time im-
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age velocimetry [Fujita et al., 2007] and dimensionality-reduction algorithms [Tauro et al.,

2014a], have also been used to gather information on flow regime from images.

Images afford noninvasive and spatially distributed observations of surface stream

velocities at high temporal resolution. Their use has been demonstrated in diverse exper-

imental settings. For instance, image-based methods work well in case of shallow flows,

where alternative equipment is not applicable [Weitbrecht et al., 2002; Meselhe et al., 2004].

Also, they enable flow field measurements rather than point-wise estimations. Image-based

approaches, such as LSPIV, have been successfully adopted to reconstruct rating curves

and estimate discharge in riverine systems [Hauet et al., 2008a]. Further, due to inexpen-

sive digital image storage, measurement stations based on the continuous acquisition of

frames have been established to monitor streamflow regime over long time spans [Kim,

2006; Tauro et al., 2016a]. Finally, aircrafts and unmanned aerial vehicles have been flown

to capture images of remote streams towards a fully remote streamflow observation proce-

dure [Fujita and Kunita, 2011; Tauro et al., 2015; Detert and Weitbrecht, 2015; Perks et al.,

2016].

Progress in image-based streamflow methodologies at the hydrological research level

has not been paralleled by the implementation of similar prototypes in environmental

monitoring practice. In our opinion, this can be attributed to the fact that technical soft-

ware protocols for automated image processing are still missing; further, velocimetry al-

gorithms tend to be sensitive to visibility conditions and the occurrence of floating mate-

rials on the stream surface. In particular, the accuracy of LSPIV, which is the most fre-

quently adopted algorithm for streamflow observations, is dramatically reduced in case

of dishomogeneous surface features, typical of low flow conditions, and adverse sunlight

reflections. Conversely, for PTV to provide accurate (even if spatially sparse) velocity

measurements, it is sufficient that a few particle-shaped tracers are captured in the field of

view. The dependence of LSPIV on abundantly seeded surfaces and not excessive sunlight

conditions hampers a systematic acquisition of LSPIV-based measurements.

Consistent with traditional PIV, LSPIV velocities are time-averaged values over the

interval of observation. This approach is efficient in laboratory conditions, where the den-

sity and similarity of tracers as well as the presence of water patterns and reflections are

fully controllable. Conversely, in the field, velocity vectors may be obtained by taking into

account the displacement of a broad range of diverse items (such as, for instance, floating
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objects of varying shapes or water reflections and patterns, which may be stationary) tran-

siting in the field of view [Hauet et al., 2008a]. Therefore, underestimated velocities are

frequently obtained, and attributing an uncertainty to such measurements is challenging.

Comparisons of such time-averaged estimations to traditional point-wise measurements

may also yield inaccuracies.

In this work, we comparatively examine LSPIV and PTV, and assess their suitabil-

ity for streamflow measurements in the field. Both techniques present common aspects:

they look for similarities between pairs of images and yield stream surface velocity dis-

tribution over a two-dimensional domain. However, LSPIV is a semi-Eulerian approach

that estimates the velocity at image subregions, while PTV is a Lagrangian methodology

that reconstructs the trajectory of individual particles transiting in the field of view. While

several studies have focused on comparative analyses of PIV and PTV in laboratory con-

ditions [Nezu and Sanjou, 2011; Kähler et al., 2012], in this paper, the efficiency of the

techniques is assessed in case of field measurements.

Based on our experience, we posit the hypothesis that the PTV approach is better

suited than LSPIV for streamflow observations in natural settings. To provide unambigu-

ous evidence for this fact, we evaluate the relative performance of the approaches to con-

sistent experimental conditions by applying both methodologies on a dataset of 12 videos

of a small stream. To offer a simple but sound testbed, we replicate LSPIV-favorable ex-

perimental settings by deploying tracers continuously and homogeneously on the stream

surface. PTV is conducted by computing the trajectories of artificially seeded tracers and

then filtering realistic paths to estimate velocities. In case both approaches give similar

results, an additional test based on the analysis of a moderate flood in a larger scale river-

ine ecosystem, where naturally occurring debris serves as tracers, would help to identify

the best approach. On the other hand, if LSPIV performance in favorable tests is poor as

compared to PTV, then it would most probably fail in realistic conditions in a larger scale

river.

2 Image-based methods for streamflow observations

2.1 Large Scale Particle Image Velocimetry (LSPIV)

LSPIV was developed based on conventional particle image velocimetry (PIV) to

noninvasively measure the velocity field of large scale hydraulic and hydrological sys-
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Figure 1. (a) Schematics of LSPIV: velocity is obtained by analyzing a number of consecutive frames with

cross-correlation. Particle displacement is found from the highest similarity between the interrogation area

in frame 1 and an area of consistent dimensions in the search area in frame 2. Velocity vectors are computed

dividing the displacement by the time interval between consecutive frames. The procedure outputs a discrete

velocity map. (b) Schematics of PTV: velocity is computed by analyzing a pair of frames. First, particles of

selected shape and intensity are identified in frame 1, then the particles are tracked in frame 2. The approach

aims at reconstructing particle trajectories in the field of view.
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tems [Fujita et al., 1997]. Standard PIV is a widely diffused quantitative flow visualization

technique for fluid dynamics applications [Adrian, 1991, 2005], which entails the acqui-

sition and analysis of digital images capturing seeded particles in a two-dimensional fluid

domain [Raffel et al., 2007]. Particle displacement in the plane is obtained by analyzing

small regions (interrogation areas) of consecutive images through cross-correlation, Fig-

ure 1(a), (alternative algorithms have been presented in Osorio-Cano et al. [2013]; Dobson

et al. [2014]; Ran et al. [2016]). Velocity vectors are then computed dividing the displace-

ment by the time interval between consecutive images. Such velocities are assigned at an

arbitrary point, that is, at the center of each interrogation area. Accurate estimations only

rely on the selection of particles that appropriately follow the fluid flow [Dramais et al.,

2011; Kantoush et al., 2011]. To this end, this approach is commonly adopted in case of

high tracer concentration in the flow. In such conditions, cross-correlation is computed

between image patterns rather than on individual tracer particles and, therefore, it is as-

sumed that particles do not considerably change their relative position in the time interval

between consecutive frames.

Different from standard PIV, LSPIV involves acquisition of a two-dimensional do-

main with low cost equipment [Creutin et al., 2003; Kim, 2006; Muste et al., 2008]. Com-

mercial cameras are typically used in external sunlight conditions. To capture large views,

cameras are frequently angled with respect to the water surface and, thus, image orthorec-

tification and the acquisition of ground control points (GCPs) are mandatory. Sometimes,

image enhancement is required to emphasize the appearance of tracers. In past studies,

both naturally occurring floaters and artificially seeded objects have been used as trac-

ers [Bradley et al., 2002]. LSPIV has been extensively used for estimating river discharge

and monitor flash floods [Stumpf et al., 2016], small streams [Gunawan et al., 2012], estu-

arine regions [Bechle et al., 2012], and hydraulic structures [Kantoush et al., 2011]. Fur-

ther, due to inexpensive measurement apparatus, the technique has been applied to videos

taken from Youtube [LeBoursicaud et al., 2015] and recorded by citizen scientists [LeCoz

et al., 2016]. Among several factors, illumination and seeding conditions have been deemed

as key controls of LSPIV accuracy. The identification of GCPs (and the consequent or-

thorectification process), seeding density, camera distance, and sampling time also intro-

duce considerable uncertainty [Kim et al., 2008].

In this study, we utilize PIVlab [Thielicke and Stamhuis, 2014], an open-source tool-

box developed for the Matlab environment. The toolbox features region of interest and
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mask selection, basic image enhancement procedures, and cross-correlation in the spatial

and frequency domain. Displacement peak location can be determined at the sub-pixel

level with either a 2 × 3-point Gaussian fit or a 9−point Gaussian fit [Nobach and Honka-

nen, 2005].

2.2 Particle Tracking Velocimetry (PTV)

PTV is a Lagrangian approach that determines randomly located velocity vectors

based on the detection and tracking of individual particle tracers, Figure 1(b), [Lloyd et al.,

1995]. Application of PTV is designed for low seeding density flows and is documented

for diverse environmental studies [Moroni and Cushman, 2001; Uijttewaal et al., 2001;

Kimura et al., 2011; Yossef and deVriend, 2011]. Since velocities are estimated for individ-

ual particles and typically no assumptions are imposed on the relative position of neighbor

particles, PTV has been widely applied to investigate unsteady flows [Li et al., 2013]. In-

dividual particle detection and tracking has been performed with a variety of algorithms,

such as cross-correlation [Lloyd et al., 1995], relaxation [Wu and Pairman, 1995], heuris-

tics based on a priori knowledge of the flow [Tang et al., 2008], and Voronoï tracking

scheme [Aleixo et al., 2011], among others.

In this study, we implement PTV following a modified command-line version of

PTVLab [Brevis et al., 2011], an open-source toolbox for Matlab. The toolbox allows for

particle detection through either correlation with a Gaussian mask or dynamic threshold

binarization [Ohmi and Li, 2000]. Particle tracking can be executed with cross-correlation,

the iterative relaxation labeling technique, or a hybrid of the two approaches.

2.3 Comparison of the methodologies

LSPIV PTV

Setup Remote installation based on inex-

pensive cameras. Cameras are either

angled or orthogonal to water surface.

Lasers can be used for remote image

calibration.

Remote installation based on inex-

pensive cameras. Cameras are either

angled or orthogonal to water surface.

Lasers can be used for remote image

calibration.
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Surface appear-

ance

Needs continuously and densely

seeded surfaces. Potentially applicable

with naturally-occurring floaters or

patterns

Needs highly-defined particle-shaped

floaters.

Algorithm Cross-correlation between interroga-

tion and search areas of frame pairs.

Velocity vectors are arbitrarily as-

signed at the center of interrogation

areas.

Identification and tracking of objects

of a priori known shape and intensity.

Velocity vectors are randomly located

in the field of view.

Outputs 2D surface velocity field at

discrete spatial resolution.

Outputs tracers’ trajectories and inter-

polated maps of 2D surface velocity

field.

Tracers within interrogation win-

dows are assumed not to change their

relative position between frame pairs.

Works well with unsteady flows.

Requires several tracers per interroga-

tion area.

Works with poorly seeded surfaces.

Min. 2 input parameters in PIVLab. Min. 6 input parameters in PTVLab.

Dimensions of interrogation and

search areas adjusted based on tracer

dimension and velocity.

Tracer dimensions should be smaller

than the frame-by-frame displacement,

since the algorithm must follow the

tracers’ motion.

Controls Tracers should be homogeneously

distributed in the field of view during

the entire analyzed image sequence.

Few tracers are allowed.
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Negatively impacted by sunlight re-

flections. Usually results in lower

velocity estimations.

Negatively impacted by sunlight re-

flections. Trajectory-based filtering

can help.

Table 1: Comparison of LSPIV and PTV working principle, require-

ments, and controls. Comparison is based on PIVLab and PTVLab

implementations for LSPIV and PTV, respectively.

Image-based techniques present remarkable advantages with respect to traditional

and point-wise instrumentation. In fact, they afford measurements of complex two-dimensional

flow fields noninvasively and with relatively inexpensive equipment. Neither LSPIV nor

PTV require a priori knowledge or assumptions on flow direction.

LSPIV is usually preferred to alternative image-based approaches since it should

work with image patterns rather than with individual tracers. Therefore, it can be adopted

with naturally occurring floaters of any shape or exploiting small fluctuation waves and

heterogeneity of water color [Tsubaki et al., 2011]. Generally, a priori knowledge of the

shape and intensity of tracers is not requested; however, the dimension and frame-by-frame

displacement of the patterns should be known to inform the selection of interrogation and

search areas. On the other hand, PTV requires the presence of highly resolved tracers

(whose shape should be known), which are most frequently manually added. For such rea-

sons, PTV has been more widely adopted in laboratory studies rather than outdoors. Ta-

ble 1 comparatively presents the working principle, requirements, and controls for LSPIV

and PTV. Comparison is based on PIVLab and PTVLab implementations for LSPIV and

PTV, respectively.

Several LSPIV studies consistently document the dependence of the technique on the

presence, distribution, and brightness of tracers [Kim, 2006; Muste et al., 2011]. Both high

seeding density and diffused illumination conditions should be sought to lead to accurate

velocity estimations [Hauet et al., 2008b]. Ideal conditions are achieved when several par-

ticle tracers are found in each interrogation window. Based on numerous experimental

studies in diverse environmental conditions, such high seeding densities can be rarely en-

countered in natural environments [Muste et al., 2004; Yu et al., 2015] (see also Figure 2).

During floods, floating material tends to cluster in large scale objects; even if material is

artificially seeded, particles agglomerate and are rarely evenly distributed across the entire
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Figure 2. Appearance of the water surface in diverse LSPIV studies. Images (A) and (B) are taken

from [Tauro et al., 2014b]; (C), (D), and (E) from [Tauro et al., 2016c]; (F) from [Tauro et al., 2016d]; (G)

and (H) from [Tauro et al., 2016b]; (I) from [Tauro et al., 2016a]; and (J) from [Tauro et al., 2015]. LSPIV

consistently resulted in underestimated velocities in these experimental conditions.

field of view [Lewis and Rhoads, 2015]. Hence, in outdoor natural environments, LSPIV

is usually applied to analyze frames of rather extended areas captured at not excessively

high definition [Fujita and Kunita, 2011; Hauet et al., 2009; Jodeau et al., 2008; LeCoz

et al., 2010]. Such applications allow for quickly capturing the large scale behavior of the

flow but do not lead to spatially-refined results. If smaller areas are captured, the proba-

bility of finding several particle tracers per interrogation window sensibly decreases, and

estimated velocities are unrealistically low [Tauro et al., 2014b, 2016b,c,a].
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Further difficulties related to practical LSPIV implementation are attributable to:

i) image orthorectification, which produces less accurate and defined images; ii) acquisi-

tion of GCPs, which prevents application of the technique in difficult-to-access environ-

ment or requires post-event surveys; and iii) illumination conditions, such as glare, which

add considerable noise and are difficult to correct for during post-processing [Hauet et al.,

2008b; Lewis and Rhoads, 2015]. While image orthorectification and the acquisition of

GCPs have been circumvented by proposing alternative experimental setups and the use

of lasers [Tauro et al., 2014b], sunlight reflections still hinder the extraction of accurate

LSPIV-based velocities. Finally, LSPIV is sensitive to image pre- and post-processing [Lewis

and Rhoads, 2015], which are in turn determined based on the user’s experience. In our

opinion, this strong dependence of LSPIV on experimental settings and on the user’s ex-

pertise limits its diffusion in environmental monitoring practice. LSPIV-based velocities

are commonly computed by time-averaging frame-by-frame estimations. In fact, longer ob-

servations ensure higher probability of finding tracers in interrogation areas. The selection

of the measurement duration depends on the specific experimental conditions and is deter-

mined on a case-by-case basis. Further, the longer the observation interval, the higher the

probability that sparsely seeded regions in any given interrogation area will lead to a lower

mean. Therefore, assigning uncertainty to LSPIV estimations and comparing LSPIV-based

velocities to point-wise measurements is complex.

PTV may partially mitigate such criticalities. Technological advancements in opti-

cal equipment and electronics have allowed commercially-available low-cost cameras for

high resolution capabilities and inexpensive equipment for extensive image storage and

processing. Therefore, capturing small tracers (that is, imaging objects a few centimeters

in diameter from up to 20 meters) at a sufficiently high resolution should not be a limi-

tation for standard commercial cameras. Further, several studies demonstrate that PTV is

less affected by illumination conditions [Tauro et al., 2016a; Tauro and Salvatori, In press],

which typically hamper accurate LSPIV-based estimations. Finally, PTV can be used to

reconstruct individual tracers’ flowpaths. The identification of specific objects in the field

of view is expected to alleviate velocity underestimations and to provide a tangible ba-

sis to assess measurement accuracy. However, PTV may be limited in the detection of

irregularly-shaped objects and provide more sparsely-refined measurements than LSPIV.

Thus, PTV has not been used as successfully as LSPIV in large-scale environments to

characterize flow structures that are coherent or semi-coherent.
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2.4 Trajectory-based filtering for PTV

To improve velocity estimation with PTV, we slightly modified the implemented

command-line version of PTVLab to store the coordinates of identified tracers in each

image for each recognized path. Trajectories were then filtered by post-processing tracer

coordinates associated to specific paths. Similar approaches have already been applied to

PTV studies in the literature. For instance, in Hassan and Canaan [1991], a PTV “track”

method is proposed, whereby tracer trajectories are retained for velocity estimation if they

exhibit minimum variance of length and angle of travel between successive frames, and if

the detected particles proceed for a minimum length in the field of view. In our method,

it was assumed that the camera field of view was directed with its width along the river

cross-section and that the height of the field of view was orthogonal to the cross-section,

Figure 3. We supposed that particles tracked along individual paths moved forward (that

is, their trajectories should be fairly orthogonal to the river cross-section). These simple

assumptions are consistent with previous work by Hassan and Canaan [1991], and do not

generate “false” vectors that may bias results. In previous studies [Tauro and Grimaldi,

2017], we verified that trajectories slanted with respect to the cross-section are often ob-

tained in case of ambiguities (such as close-by particles that form agglomerates and sep-

arate while proceeding in the field of view). Therefore, when two successive frames (that

is, frames k and k − 1) were considered, tracer position vectors ®Xk and ®Xk−1 should satisfy

the following condition:

arctan

[
( ®Xk − ®Xk−1) · j
( ®Xk − ®Xk−1) · i

]
>
π

4
(1)

whereby, j and i were unit vectors in the directions orthogonal and parallel to the river

cross-section, respectively. If tracer coordinates satisfied Eq. (1), trajectories were further

selected based on their length and slant. Namely, we only retained trajectories slanting up

to 80◦ from the river cross-section and that extended for at least 20% of the height of the

field of view (H). The first condition was imposed through

arctan

[
( ®Xend − ®Xstart) · j
( ®Xend − ®Xstart) · i

]
>

4
9
π (2)

whereby ®Xend and ®Xstart indicated the tracer position vectors in the final and first images of

the trajectory, respectively. The length of the trajectory was validated through

∥ ®Xend − ®Xstart∥ >
1
5

H. (3)
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Figure 3. Diagram of the input information and requirements of the trajectory-based filtering procedure.
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Figure 4. Application of the trajectory-based filtering methodology. In (a), all trajectories identified

through the command-line version of PTVLab are displayed. In (b), filtered trajectories are reported.

Streamflow velocity for each trajectory (V) was then determined as

V =
∥ ®Xend − ®Xstart∥

∆t
(4)

where ∆t was the time interval between the final and first images of the trajectory.

In Figure 4, we report a sample application of the illustrated methodology. In Fig-

ure 4(a), all trajectories identified through the command-line version of PTVLab are dis-

played. Figure 4(b) only illustrates trajectories that satisfied our constraints and were uti-

lized to estimate streamflow velocity. As illustrated, the methodology ensures that only

trajectories parallel to the main flow direction are retained for velocity estimation.

3 Experimental analysis

In this work, we evaluated the relative performance of LSPIV and trajectory-based

filtering PTV by analyzing a data set of 12 image sequences captured on a small scale

stream. Based on our previous experience on the sensitivity of the algorithm to the pres-

ence of tracers, LSPIV is less adequate for streamflow observations in natural settings than

PTV. Such hypothesis was tested by replicating LSPIV-favorable experimental conditions.

Specifically, we devoted special care to continuously deploy abundant quantities of evenly

distributed tracers on the stream water surface for the entire duration of the acquisitions.

While PTV is less favored by densely seeded images and computational time consider-

ably increases, previous research supported the robustness of this technique in challenging

settings [Tauro and Salvatori, In press]. If LSPIV performance was poor in such favor-
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Figure 5. (a) Sketch of the experimental setup and apparatus on the Brenta River; (b) RGB experimen-

tal image; and (c) representative processed image depicting the field of view, locations of the current meter

measurements (A to D), and vertical regions used for comparing velocities obtained with LSPIV and PTV

.

able settings, then the algorithm would have most probably failed in realistic conditions in

a larger scale river. Therefore, both algorithms have been further tested in realistic con-

ditions, that is, by analyzing images recorded during a moderate flood in a larger scale

riverine ecosystem.

3.1 Brenta River

3.1.1 Experimental site and materials

A set of experiments was performed on the Brenta River at the bridge “Ponte Za-

ccon", Trento, Italy, (46◦02′20.8122′′ North Latitude, 11◦24′37.3349′′ East Longitude,

464.38 elevation in the WGS84 coordinate system) on June 10th, 2015. Therein, a mon-

itoring station that hosts an ultrasonic water level meter is run and managed by Provin-
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cia Autonoma di Trento (PAT). The station monitors the upper basin of the Brenta River

(171.9 km2), and it features a 10.1 m-wide rectangular cross-section. During the experi-

ment, a water level of approximately 0.41 m was recorded at the nearby monitoring sta-

tion. The river banks are steep and reinforced in stone blocks. A few meters upstream of

the monitoring station, river banks are relatively accessible for on site testing and obser-

vations. The bridge parapet is constructed from iron profiles, which allow to easily install

experimental instrumentation. At the monitoring station, the river bed presents green fil-

amentous algae, pebbles, and wood detritus, that contribute to decrease the visibility of

floating objects.

According to data collected by PAT in 2009-2010, the average stream discharge

peaks in late spring (2.56 m3/s in June), is minimum in summer (1.48 m3/s in August),

and increases in winter (2.19 m3/s in February). Throughout the year, the water level

ranges from a minimum of 0.39 m to 0.47 m. Notably, the study site is only equipped with

an ultrasonic water level meter. Rating curve as well as wind and temperature data are not

available at the stream reach.

In our design, experiments were conducted by continuously deploying woodchips

from the upstream side of the bridge. To maximize the chances of homogeneous distribu-

tion of floating material in the field of view, six equidistant operators launched material

during video acquisition. The portable telescopic apparatus developed in [Tauro et al.,

2014b] was installed on the downstream side of the bridge, Figure 5(a). The apparatus

featured a GoPro Hero 4 Black edition camera oriented with its axis orthogonal to the wa-

ter surface. The system also hosted two green laser modules for remote image calibration;

however, due to strong light intensity, lasers were not clearly visible in images. A metre

stick was placed on the right-side stream bank at the same level of the water surface for

calibration purposes, Figure 5(b).

To provide a reference velocity measurement, an OTT Hydromet C2 current meter

was used to capture velocities right below the water surface along a cross-section parallel

to the bridge. Measurements were conducted at a few (3 cm) centimeters below the wa-

ter surface at four locations along the stream cross-section up to 3.5 m from the right-side

river bank. Additional acquisitions towards the left-side river bank were challenging due

to the presence of vegetation. Measurements were conducted in the time mode: the mea-

suring time required was set to 10 s, the propeller revolutions were automatically counted
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Table 2. Average benchmark velocities (vb) and standard deviations (σb) measured with the current meter at

locations illustrated in Figure 5(c).

A B C D

vb[m/s] 0.46 0.45 0.31 0.32

σb[m/s] 0.04 0.03 0.02 0.02

during the measuring time and water velocity was instantly derived from the speed in rota-

tions per second through the instrument calibration equation. Figure 5(c) depicts the mea-

surement locations: measures were taken at 1 m, 2 m, 2.7 m, and 3.5 m from the right-side

stream bank (locations D to A in Figure 5(c)). Twelve replicates were performed at each

location; average velocities (vb) and standard deviations (σb) are reported in Table 2. On

average, flow velocity close to the stream surface was estimated to be slightly less than

0.4 m/s.

3.1.2 Image processing

A Full HD (1920 × 1080 pixels) RGB video captured a stream reach of 9.5 × 5.3 m2

for 4:11 minutes at 50 Hz. Such a high acquisition frequency was initially selected to

guarantee a sufficiently large number of images to depict the transit of floating objects

in the field of view. Image fisheye distortion was removed using the open-source software

GoPro Studio. Out of the original video, 12 video sequences of 20 s each were extracted.

The selection of such observation intervals were constrained by practical difficulties in

continuously and homogeneously seeding the river for longer times. Similar short inter-

vals were set in previous LSPIV studies [Tauro et al., 2014b]. Given the moderate stream

flow velocity, image sequences were subsampled at 25 Hz and river banks were trimmed.

Analyzed images were 1430 × 1080 pixels in resolution (corresponding to a field of view

of 7.1 × 5.3 m2), Figure 5(b). The bottom right corner of the images displayed vegetation

leaning from the bridge and, to prevent disturbances in velocity estimation due to vegeta-

tion motion, an area of 552 × 375 pixels was masked with a black patch. Original RGB

images were converted to grayscale intensity by eliminating hue and saturation information

and retaining the luminance. To emphasize lighter particles against a dark background,
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images were gamma corrected to darken midtones [Forsyth and Ponce, 2011]. On average,

particles were 10 pixels in diameter, and moved by 6 pixels between consecutive frames.

3.1.3 LSPIV analysis on the Brenta River

LSPIV was implemented on experimental images using PIVlab. In accordance with Keane

and Adrian [1990], to ensure a minimum displacement of the particle tracers of at least

8 pixels between consecutive images (that is, a fourth of the interrogation window size),

frame sequences were again subsampled to 12.5 Hz; therefore, each LSPIV sequence com-

prised a total of 250 frames. To maximize information, images were analyzed adopting the

sequencing style 1-2, 2-3, which yielded 249 velocity fields. Images were preprocessed to

enhance the appearance of tracers with respect to the background by applying a Gaussian

high pass filter (filter size set to 15 pixels) that boosts particle intensity in case of inhomo-

geneous lighting. Further, frames were denoised through Wiener filtering (filter size set to

10 pixels) [Lim, 1990].

A preliminary parametric analysis was executed to identify optimal LSPIV settings.

Cross-correlation was evaluated using a standard direct cross-correlation (DCC) and set-

ting the interrogation area to 32 × 32 pixels, and the grid size to 16 × 16 pixels, respec-

tively, see a representative interrogation window in Figure 5(c). Such values were selected

upon a preliminary parametric analysis. DCC was chosen since, according to Thielicke

and Stamhuis [2014], it shows more accurate results than discrete Fourier transform. Also,

interrogation window iteration and window deformation were not considered since, as

stated in Scarano and Riethmuller [2000], these techniques were mainly introduced to ex-

tend the velocity and velocity gradient dynamic range, which is not relevant in the pre-

sented applications in low velocity environmental flows. Apart from areas without tracers,

a number of five to eight particles were depicted in interrogation windows, whereby each

particle ranged in diameter within 10 to 15 pixels. The 2 × 3-point Gaussian fit was used

as sub-pixel displacement peak estimator. Image calibration was performed by estimat-

ing the pixel dimensions of the metre stick. The time interval between consecutive frames

was a priori known. Data were validated by applying velocity upper and lower thresholds.

Thresholds were semi automatically determined as ū ± n ∗ σu, with ū the mean velocity

for each analyzed frame pair, σu its standard deviation, and n set to 3. The velocity field

for each frame sequence was obtained by averaging in time the velocity field computed for

each frame pair.
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3.1.4 PTV analysis on the Brenta River

PTV was performed using a modified version of PTVLab, which allows for serial

analysis of massive image datasets through a command-line interface [Tauro and Salva-

tori, In press]. Particle detection entails image binarization via thresholding and cross-

correlation with a symmetric Gaussian kernel thus, the image intensity threshold, the stan-

dard deviation of the Gaussian distribution, and the correlation cutoff threshold need to

be defined. Based on preliminary parametric analyses, the intensity grayscale level was

set to 130, the standard deviation to 12 pixels, and the correlation threshold to 0.5. Par-

ticle tracking was implemented using cross-correlation by interrogation area. The tool

requires the size of the square interrogation area, the cross-correlation cutoff threshold,

and the similarity percentage among neighbor particles to be defined as inputs. Specifi-

cally, the interrogation area was set to 20 pixels, the cross-correlation threshold to 0.4, and

the neighbor similarity percentage to 20%. Once analyzed, the ID of each tracked par-

ticle along with its pixel coordinates were saved as an ascii file and processed with the

trajectory-based algorithm presented in Section 2.4.

3.1.5 Velocity data comparison

To offer a comparison among LSPIV, PTV, and benchmark measurements taken with

the current meter, “lumped” values were obtained from image-based spatially-distributed

LSPIV and PTV velocities. To this end, the field of view was divided into eight vertical

regions (see the dashed lines in Figure 5(c)). Since video sequences were rather short,

statistically stationary conditions could be assumed in vertical regions during the observa-

tion interval. The average velocity along each region was computed from both LSPIV and

PTV acquisitions and then compared to the benchmark measurements. More specifically,

the eight vertical regions were selected to be homogeneous in width and to exclude the

areas close to the river banks, where less tracers were observed.

With regards to LSPIV, surface flow velocity maps were developed for each of the

12 image sequences. For each sequence, a time-averaged LSPIV map was obtained by av-

eraging over the 249 outputs of the cross-correlation. We overlayed the vertical regions to

time-averaged maps and computed the average velocity and standard deviation pertaining

to each region. The average velocity and standard deviation were computed based on ei-

ther 396 or 462 elements (each vertical region comprised either 6 or 7 columns of the PIV
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Figure 6. (a) Sketch of the experimental setup on the Tiber River; (b) RGB experimental image; and (c)

representative processed image depicting the field of view and radar’s trace on the water surface. The blue box

indicates the dimensions of the interrogation area.

grid). In case of PTV data, the number of trajectories laying in the vertical regions ranged

from a minimum of 5 in region 8 (left-side stream bank) to a maximum of 56 in region 6.

“Lumped” average velocities and standard deviations in the vertical regions were obtained

by averaging over the values obtained with Equation 4 for each trajectory.

3.2 Tiber River: a proof-of-concept during a flood event

3.2.1 Experimental site and materials

Flood images were captured in the Tiber River on February 6th, 2015, through the

gauge-cam station recently installed on the Tiber River underneath the bridge “Ponte del

Foro Italico” in the city of Rome, Italy [Tauro et al., 2016a; Tauro and Salvatori, In press],

Figure 6(a). The gauge-cam station enables the acquisition of one-minute long videos ev-

ery ten minutes through a Mobotix FlexMount S15 weatherproof internet protocol cam-

era. The camera comprises two optical modules with independent sensors and lenses. The
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right-side L25 lens (82◦ angle of view and 4 mm focal length) captures a large area of the

river surface, whereas the left-side L76 lens (27◦ angle of view and 12 mm focal length)

enables finer observations in the center of the L25 sensor field of view. Both optical mod-

ules are placed with their optical axis perpendicular to the water surface to minimize dis-

tortions, thus eliminating the requirement of orthorectification, assuming negligible slope.

Obviously, the dimensions of the field of view captured by the camera vary in accordance

with the water level (and, therefore, with the distance of the camera from the water sur-

face). The Tiber River bed slope in proximity of the station site is quite regular and mild,

therefore, the water surface depicted in the camera field of view can be assumed horizon-

tal. The gauge-cam station features a system of two < 20 mW green (532 nm wavelength)

lasers installed at 50 cm on both sides of the camera. The lasers are activated for 20 s at

the beginning of each video, and generate highly visible reference points located 1 m apart

on the water surface. This laser system enables image calibration (that is, assigning a met-

ric dimension to image pixels) without the use of ground control points. The MOBOTIX

S15 camera enables maximum frame rates of 30 Hz (that is, 15 Hz per each optical mod-

ule) either when significant motion occurs in the field of view [MOBOTIX, 2017] or when

illumination intensity is high [Tauro et al., 2016a]. Practically, the frame acquisition fre-

quency of the gauge-cam station is automatically adjusted based on external illumination

conditions and, thus, varies for each captured clip. Further, each one-minute long video

is saved as numerous highly-compressed and reduced-size clip files (where the number of

clips depends on the size of the video and, in turn, on the acquisition frequency).

We studied a one-minute video captured during the flood peak at 7:40 a.m., Fig-

ure 7. At the time of the peak, the ULM 20 ultrasonic meter and RVM20 speed surface

radar installed on the same bridge next to the gauge-cam station recorded a water level

of 7.23 m and an average surface velocity of 2.33 m/s, respectively. During the flood, the

transit of debris and vegetation was observable on the river surface as well as numerous

water ripples, Figure 6(b). Generally, floating material tended to clump together to form

objects on the order of 100 × 100 pixels. To facilitate the identification and tracking of

such objects, we only analyzed images recorded with the L25 lens, which captured an area

of 16.15 × 12.11 m2.
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Figure 7. (a) Water levels and (b) radar velocities at “Ponte del Foro Italico”, Rome, Italy. The dashed gray

line indicates the time (7:40 a.m.) at which the selected video was captured during the flood peak on the 6th

of February 2015. Water level and velocity data are recorded every 15 minutes.

3.2.2 Image processing

The selected video was saved as nine different clips whose duration and acquisition

frequency ranged within 4 to 8 s and from 4 to 8.72 Hz, respectively. The analyzed se-

quence was obtained by decompressing each clip and the overall frequency was estimated

to 6.95 Hz as a weighted average of each clip’s frequency. Despite this relatively low fre-

quency, the dimensions of the field of view enabled the application of LSPIV and PTV.

Image resolution was set to 1024 × 768 pixels for both optical modules. Images of the

flood on the Tiber river were affected by barrel distortion due to the wide-angle L25 lens.

Fisheye distortion was removed using the Adobe Photoshop “Lens correction” filter.

3.2.3 LSPIV analysis on the Tiber River

Before LSPIV processing, images were trimmed to 865× 530 pixels to remove highly

distorted borders, see the dashed red area in Figure 6(c). The sequencing style 1-2, 2-

3, was adopted, which yielded 409 velocity fields. Images were processed using cross-

correlation through DCC and setting the interrogation area to 32 × 32 pixels and the grid

size to 16 × 16 pixels, respectively. Such values were chosen based on a preliminary para-

metric analysis. A representative interrogation window is shown in Figure 6(c). The 2 × 3-

point Gaussian fit was used as sub-pixel displacement peak estimator. Image calibration

was performed by estimating the pixel distance between reference points illuminated by
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the lasers. The time interval between consecutive frames was a priori known from the

overall acquisition frequency.

Similar to data on the Brenta River, data were validated by applying velocity upper

and lower thresholds based on the value of the standard deviation (n set to 3). The ve-

locity field for each frame sequence was obtained by averaging in time the velocity field

computed for each frame pair.

3.2.4 PTV analysis on the Tiber River

Images were analyzed using the modified version of PTVLab and then trajectories

were processed with the procedure in Section 2.4. Before processing, a region of inter-

est was identified to exclude highly distorted image borders from the analysis. Particles

were detected through correlation with a Gaussian mask of 12 pixels in diameter and 90

in maximum intensity. A correlation threshold of 0.5 was associated to potential particles.

Particle tracking was implemented using cross-correlation and by setting similar parame-

ters to Section 3.1.4.

4 Results and Discussion

4.1 Brenta River

Figure 8(a) displays a time averaged map obtained by analyzing LSPIV data for

one image sequence. Vertical regions are illustrated through yellow vertical lines. As ex-

pected, surface velocity is higher (maximum velocity is equal to 0.53 m/s) in the center

of the stream and decreases close to the stream banks. For the selected video, mean sur-

face flow velocity is equal to 0.26 m/s and standard deviation to 0.14 m/s. In Figure 8(b),

the signal-to-noise ratio (SNR) of the same representative video is illustrated. The param-

eter SNR is computed by dividing the mean value of each interrogation window by its

standard deviation. Higher SNR values (darker pixels) are found in the center of the field

of view, where a larger number of tracers transit. Also, higher accuracy is found in the

southern horizontal region close to the bridge, where the bridge shadow leads to higher

contrast of the tracers against the dark background (see also Figure 5(c)).

Representative maps of the PTV particle trajectories for one of the image sequences

are displayed in Figure 9. In (a), the map illustrates all trajectories identified in PTVLab.

Water reflections lead to abundant low velocity trajectories, depicted as lighter dots in Fig-
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Figure 8. (a) Time averaged LSPIV map and (b) signal-to-noise ratio of a representative video captured on

the Brenta River. In (a), yellow vertical lines illustrate vertical regions and red squares indicate the locations

of the current meter measurements.

Figure 9. (a) Unfiltered and (b) filtered trajectories on the Brenta River. The colorbar indicates the velocity

magnitude of each trajectory as obtained through Eq. 4. Yellow vertical lines indicate the vertical regions. In

(b), the locations of benchmark current meter measurements are highlighted through green squares.

ure 9(a). This is due to the fact that many reflections are static and do not follow the flow.

Conversely, in the right panel, the map reports trajectories retained after the filtering pro-

cedure. All trajectories pertain to actual floaters that transited in the field of view, thus

guaranteeing reliable velocity estimation.

PTV and LSPIV data located in each of the vertical regions were averaged over the

12 replicates, and mean values and standard deviations computed. Average means and

standard deviations over the replicates are reported in Figure 10(a). Therein, data points

are surface flow velocity means, and standard deviations are represented as shaded re-

gions. Both image-based approaches correctly capture the higher velocity at the center
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Figure 10. (a) Comparison between PTV and LSPIV data for experiments on the Brenta River. Values

recorded with the current meter are also reported. Shaded regions indicate standard deviations. (b) Compari-

son between LSPIV, PTV, and unfiltered PTV data for experiments on the Brenta River.

of the stream cross-section. PTV data are generally higher than LSPIV estimations: PTV

mean values are on the order of 0.5 m/s, whereas LSPIV means are on average equal to

0.3 m/s. Standard deviations are on the same order for both methods (on average equal

to 0.05 m/s). In Figure 10(a), values computed from image-based methodologies in ver-

tical regions 5 to 8 (see Figure 5(c)) are compared to measurements with the current me-

ter (reported in Table 2). PTV average values are in close agreement with current meter

measurements (PTV data are within 10.5% to 11.8% greater than current meter measure-

ments) apart from values computed at 4.7 m from the left-side stream bank, whereby PTV

data are 30.3% larger than the current meter value. This is probably due to the irregu-

lar stream bed or to the proximity of the propeller to the free surface. On the other hand,

LSPIV data tend to underestimate surface flow velocity. It should further be noted that the

current meter only provides a component of the actual velocity vector. Therefore, actual

velocities are expected to be higher than current meter data. Analyzed through one-way

analysis of variance (anova), image-based data and current meter measurements are not

statistically different (p = 0.22 and p = 0.09 for PTV and LSPIV, respectively). How-

ever, tested with one-way anova, differences between PTV and LSPIV data are statistically

significant (p ≪ 0.01).

In Figure 10(b), we also compare means and standard deviations obtained with LSPIV,

PTV, and unfiltered PTV. Unfiltered PTV data are directly obtained by processing the out-

put from PTVLab, that is, without applying the trajectory-based filtering procedure. Gen-

erally, unfiltered PTV mean values are higher than LSPIV but lower than filtered PTV
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Figure 11. Time averaged LSPIV map of the Tiber River.

data. Standard deviations from unfiltered PTV data are much higher than the alternative

algorithms (on average, on the order of 0.2 m/s). This is due to the fact that all trajecto-

ries are retained in the computation and that water reflections are tracked by the algorithm

even if they do not follow the water flow.

Although experimental settings were ideal for LSPIV analysis (the flow was station-

ary, artificial floaters were continuously and homogeneously dispersed onto the stream sur-

face), the algorithm consistently underestimated flow velocity. This is in agreement with

previous experimental findings [Tauro et al., 2014b, 2016c] in natural streams, where natu-

rally occurring objects were used as tracers. We attribute such inaccuracy to the tendency

of tracers to agglomerate into clustered objects on the river surface. Due to tracer clus-

tering, large regions of the field of view lack surface features and, therefore, lead to low

velocities.
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Figure 12. (a) Unfiltered and (b) filtered trajectories on the Tiber River. The colorbar indicates the velocity

magnitude of each trajectory as obtained through Eq. 4.

4.2 Tiber River

Figure 11 depicts the time averaged surface flow velocity LSPIV map for the flood

event on the Tiber River. Velocities are higher in the center of the field of view but scarcely

represent actual flow conditions. In particular, mean velocity over the field of view is

equal to 0.39 m/s and the standard deviation to 0.07 m/s. The maximum flow velocity

computed in the field of view is 0.58 m/s, which is well below radar’s measurements

(> 2 m/s).

In Figure 12, a map of PTV particle trajectories after trajectory-based filtering is

displayed. Even if few trajectories are retained with the filtering procedure (only 68 trajec-

tories were retained out of more than 19000), they are correctly directed along the stream

flow direction.

The appearance of floating objects during the flood event did not facilitate appli-

cation of LSPIV nor PTV. With regards to LSPIV, time averaged surface flow velocity

maps tended to be much less noisy and the mean velocity got closer to PTV estimations

by increasing the interrogation window size (for instance, setting it to 64 pixels × 64 pixels

or 128 pixels × 128 pixels). However, the respective velocity metrics highlighted some

inconsistencies: maximum values were greater than the radar value, standard deviations

were quite high, and, in some cases, velocity vectors were opposite to the flow direction.

This can be explained with the fact that, even if the video was captured during a moderate

flood, the field of view was not fully covered with tracers and less than 5 to 10 particles
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were present in each interrogation window. PTV was negatively affected by the irregular

shape of the tracers, and, therefore, led to few meaningful trajectories. Most of the tra-

jectories were irregular and short and, even upon trajectory-based filtering, surface flow

velocity was estimated to be equal to 1.4 m/s, which is well below 2.33 m/s, as estimated

by the radar.

Besides the irregular shape of tracers, inaccurate tracking was also due to the occur-

rence of numerous water reflections (see the lighter dots in Figure 12), which are some-

times identified as particles, and to inhomogeneous lighting conditions (the bridge shadow

divides the field of view in an upper brighter region and in a darker lower area).

4.3 Limitations and possible ameliorations of image-based methods

Based on our experimental findings and previous research activities, LSPIV is not

ideal to study the surface flow velocity field of natural water bodies. Specifically, the

LSPIV algorithm leads to velocity vectors that are arbitrarily located at the center of a

user-defined grid, and are time-averaged values over the interval of observation. This lat-

ter fact results in accurate estimations in laboratory controlled conditions, where users

continuously and homogeneously (and probably in a much smaller field of view) deploy

tracers. In the field, LSPIV-based velocity vectors are instead obtained by averaging the

displacements of many different items (such as, for instance, floaters, water patterns, water

reflections) transiting in the interrogation window for the entire duration of the observation

interval. Since the density and similarity of tracers as well as the presence of water pat-

terns and reflections in interrogation windows are not fully controllable in field conditions,

attributing an uncertainty to such LSPIV-based velocity estimates is difficult.

In our tests, even if experimental conditions were carefully designed to facilitate

LSPIV application, flow velocities were consistently underestimated due to tracer cluster-

ing and irregular lighting conditions. Both issues affected all experimental campaigns and

are impossible to mitigate unless sophisticated equipment is used or rather small areas are

artificially seeded. Analyzed with alternative LSPIV algorithms (that is, MatPiv [Sveen,

2004] and FUDAA [Hauet et al., 2017]), similar velocity maps were obtained. Specifi-

cally, average velocities for one video captured on the Brenta River was found equal to

0.19 and 0.11 m/s for MatPiv and FUDAA, respectively. To further assay the effect of

LSPIV velocity vector post-processing, the upper and lower thresholds validation tech-
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nique (see Section 3.1.3) was compared to a median filter with 3 × 3 pixels size and to the

local median filter by [Westerweel and Scarano, 2005] for a representative video captured

on the Brenta River. Consistent results in terms of mean velocity and standard deviation

were found for the different approaches. Specifically, the time averaged velocities of the

obtained maps were equal to 0.26, 0.41, and 0.30 m/s, for the upper and lower thresholds,

the median, and the local median filters, respectively. Post-processed with different ap-

proaches, LSPIV data still resulted underestimated as compared to PTV and the current

meter measurements.

Since our fields of view were significantly smaller than several LSPIV studies [Cre-

utin et al., 2003; Dramais et al., 2011], we suggest that such a technique is adopted to pro-

vide approximate estimations of the flow velocity field in large scale environments (on the

order of hundreds or thousands of squared meters). In fact, by providing velocity estimates

at the spatial resolution of the interrogation window, LSPIV data tend to be smoothed and

underestimated as compared to PTV. Alternatively, LSPIV could be applicable in small yet

highly seeded stream reaches. For instance, in case of sufficiently seeded surfaces, good

LSPIV estimates have been obtained in vegetated environments by Creëlle et al. [2016].

In our experiments, improved description of the flow field has been achieved with

PTV. In fact, PTV is based on the identification and tracking of recognizable physical ob-

jects. By imposing a few constraints on PTV-based trajectories (that is, if the river reach

is rectilinear, trajectories should also be rectilinear and they should cover at least a fifth

of the field of view), velocity estimations are closer to benchmark values. In the presence

of water reflections, trajectory-based filtered PTV led to more reliable velocity estima-

tions than LSPIV. In the case of experiments on the Brenta River, velocities were closer

to current meter measurements. With regards to the Tiber River, even if a majority of the

trajectories were short and irregular (probably due to irregularly shaped tracers), velocity

estimation was significantly larger than LSPIV.

Processing images with PTV is not common practice in hydrology, while LSPIV

is more frequently adopted in environmental applications. Such a preference depends

on PTV requiring high-resolution images that accurately depict tracers and on a priori

knowledge of their appearance in the field of view, see also Table 1. In turn, this yields

a greater number of input parameters for PTV processing (namely, six input parameters

are required in PTVLab against two in PIVLab). While the issue of image resolution was
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certainly cumbersome in the past, current digital cameras enable impressive resolutions

from rather high distances [Tauro et al., 2016d]. Thus, technological advancements facili-

tate the detection and tracing of extremely small objects for hydrological studies. Finally,

the selection of appropriate interrogation windows for LSPIV processing mandates a rather

precise knowledge of the size of floating objects and their frame-by-frame displacement.

Similar knowledge is also needed for PTV analysis.

Compared to standard PTV practice, filtering reliable trajectories provided tangible

data to measure surface velocity. Generally, PTV is based on the development of surface

flow velocity maps from the interpolation of trajectory results onto a regularly spaced grid.

While such maps are convenient for comparison to LSPIV and numerical simulations, the

use of individual trajectories offers a reliable methodology to estimate velocity. Also, ap-

plying filters on the trajectories allows for constraining velocity estimation to particles that

were correctly detected and tracked by the algorithm. The use of trajectory-based filters is

strongly suggested in case of adverse illumination and abundant water reflections, which

may bias estimations and lead to fully unrealistic velocities. However, applying the fil-

tering procedure requires a priori information on the flow direction. Even if minimal and

based on general common-sense, such information is necessary to provide reliable data,

and should be determined on a case-by-case basis. To simplify and automate the iden-

tification of flow direction, images could be preliminarily inspected or processed with

dimensionality-reduction algorithms [Tauro et al., 2014a].

Based on results on the Brenta and Tiber Rivers and on previous research activi-

ties [Tauro and Grimaldi, 2017], major causes of inaccuracies in PTV trajectories are due

to: i) impossibility to track objects that are not particle-shaped; ii) short frame-by-frame

particle displacement with respect to particle dimensions; and iii) massive presence of wa-

ter reflections that appear as particle-shaped objects in the field of view. Difficulties in de-

tecting and tracking irregularly shaped objects is a crucial limitation of PTVLab and pre-

vents systematic application of PTV in case naturally occurring floaters are used as trac-

ers. This issue should be addressed by designing alternative approaches to identify tracers

in images. If particle dimensions are on the same order of magnitude of frame-by-frame

displacement, errors in the detection of particle centroids may mask nonlinear deformation

of particle patterns [Brevis et al., 2011]. This aspect has a strong influence in fluid regions

at high velocity gradients, which are rarely found in hydrological applications, and may be

mitigated through image subsampling. The presence of numerous water reflections often
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results in erroneous trajectories in directions opposite to the flow. Reflections are difficult

to remove from images and sometimes require more sophisticated, and costly, equipment.

Even if this issue is routinely found in experimental settings, it could be alleviated through

extensive trajectory-based filtering and image preprocessing.

Although LSPIV has shown promise in past studies, its reliability is still compro-

mised by particle seeding density and flow unsteadiness. Research efforts to improve the

detectability of small objects, and therefore maximize tracer density in the field of view,

through advanced image pre-processing are ongoing [Xu et al., 2017]. However, LSPIV

limitations hamper a systematic implementation of the technique in practical operational

measurements. While LSPIV could still be implemented to provide hydrological data in

large scale environments in the vicinity of gauging stations or in locations accessible to

operators for tracer deployment [Legleiter et al., 2017], PTV is expected to facilitate the

diffusion of remote sensing in hydrological practice by enabling velocity measurements in

a wider spectrum of environments. Compared to satellite-based approaches, image sensing

indeed offers surface flow velocity field estimations at higher space and time resolutions.

In this vein, the combination of PTV and thermal sensing from aerial platforms could sig-

nificantly advance current knowledge of hydrological processes.

5 Conclusions

In this work, we investigated the relative performance of large scale particle image

velocimetry (LSPIV) and particle tracking velocimetry (PTV) towards surface velocity ob-

servations in natural streams. We applied standard LSPIV and a modified trajectory-based

filtered PTV algorithm to a data set of 12 videos of a small scale stream where tracers

were continuously and evenly distributed. Further, we tested the algorithms on a video of

a high flow event in the Tiber River, Rome, Italy. In both experimental settings, LSPIV

underestimated velocities while PTV was in closer agreement with benchmark data.

Future studies should focus on the ameliorations of PTV. We envision two major

research directions towards the development of a less user-assisted and more robust PTV-

based methodology for hydrological applications. Firstly, the detection algorithm should

afford identification of objects of diverse shapes, dimensions, and pixel intensity. Ide-

ally, the algorithm should be able to automatically recognize every moving object cap-

tured in the field of view. Secondly, the trajectory-based filtering procedure should be au-

–33–
This article is protected by copyright. All rights reserved.



tonomously implemented to guarantee accurate velocity estimations. In our vision, a set of

rules should be developed to automatically discriminate tracers from water reflections and

noise. Identification of consistently moving objects could also enhance tracer detection in

particularly challenging conditions, such as intense sunlight and water ripples.
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