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Abstract

The dynamics of flow-type landslides, including earthflows and debris flows, is still not fully
understood, primarily due to the complexity of the physical processes that govern the flow and the
challenges in acquiring direct field measurements. In modern monitoring stations, cameras represent
cost-effective data sources, providing essential information for characterising documented
reactivation events. Particle Image Velocimetry (PIV) algorithms have been extensively employed in
the literature to reconstruct velocity fields and rheological behaviour of laboratory physical models
under ideal conditions. However, the resolution of camera footage in the field typically falls short of
being optimal due to lighting and weather conditions, as well as non-zenithal recording geometry,
hindering a straightforward application of PIV. This study presents two primary sets of laboratory
flume tests conducted to explore a broad range of recording conditions, bridging the gap between
ideal laboratory settings and actual field acquisitions. The experiments enabled the evaluation of PIV
performance for each image quality scenario, detailing and quantifying the main uncertainties as well
as their impact on the resulting velocity fields while discussing underlying reasons and mitigation
measures. The experimental results reveal that, with due adjustments, suboptimal-quality footage can
be used to estimate the actual flow velocity field and infer the rheological behaviour of the flow.
Furthermore, distortions related to non-zenithal perspectives can be reliably minimised through
suitable orthorectification algorithms. These findings support the potential for broader application of
the tested PIV-based methodological approach in field scenarios to investigate the dynamics of flow-

type landslides.

Keywords: Flume experiments, Particle Image Velocimetry (PIV), flow velocity field, flow-type

landslides
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1. Introduction

The dynamics and mechanisms underlying the behaviour of flow-type landslides kinematics are still
subject to debate and not fully understood in the literature, encompassing both faster debris flows
(Kaitna et al. 2016; Nagl et al. 2020) and slower earthflows (Picarelli et al. 2005; Carriere et al. 2018;
Berti et al. 2022). This knowledge gap primarily stems from the complexities of the processes and
from the difficulties in acquiring direct field measurements (Hiirlimann et al. 2003; McArdell et al.
2007), as well as in replicating these phenomena through representative laboratory-scaled physical
models (Iverson 2015; Turnbull et al. 2015). Modern monitoring stations frequently employ a variety
of sensors to investigate flow dynamics, including geophones (Mainsant 2012; Walter 2017; Coviello
et al. 2019), infrasound sensors (Leng et al. 2017), pore water pressure transducers and load cells
(Hurlimann et al. 2019), typically coupled with video cameras to document the events. Field cameras,
in particular, represent a cost-effective and highly valuable tool for data collection, providing essential
information to characterise captured flow-type landslides. When flow depth is known, surface
velocity observations enable the reconstruction of the transverse distribution of the depth-averaged
shear rate. This, in turn, allows at least a qualitative inference of the rheological properties of the
flow.

Image-based analysis techniques, such as Particle Image Velocimetry (PIV) and Particle Tracking
Velocimetry (PTV), have been extensively reported in the literature to accurately reconstruct internal
and surface deformation and velocity fields, and to investigate the rheological behaviour of physical
models under ideal and controlled laboratory conditions (e.g. GDR MiDi 2004; Faug et al. 2015).
Over the past 30 years, PIV algorithms have also been frequently applied to larger scales, referred to
as Large-Scale Particle Image Velocimetry (LSPIV), particularly in hydraulic applications to analyse
the surface velocity distribution of rivers and evaluate their discharge (e.g. Fujita et al. 1998; Le Coz
et al. 2010; Gunawan et al. 2012; Muste et al. 2014). More recently, LSPIV has also been employed
to estimate the surface velocity of debris flows (e.g. Theule et al. 2018). In particular, Schoffl et al.
(2023) combined LSPV-derived surface velocity measurements with contextual Pulse-Doppler high-
frequency radar observations, while Aaron et al. (2023) and Spielmann & Aaron (2024) proposed a
novel approach utilising high-frequency 3D LiDAR (Light Detection And Ranging) point clouds as
an alternative to conventional camera recordings for LSPIV analysis.

The determination of the surface velocity distribution through the implementation of these methods
with adequate spatial resolution would allow the assessment of flow boundary conditions. Integrating
information from qualitative observations on the recorded footage and independent morphological
assessments enables inference of the rheological behaviour of the landslide material. However, since

PIV outcomes are highly dependent on input footage quality (Prasad et al. 1992), its transposition to
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larger-scale field scenarios and processes is not straightforward. Factors such as adverse weather
conditions or inadequate and inconsistent lighting can significantly impact the quality of the acquired
images. Physical barriers, including fog, dust or raindrops, may distort captured footage by scattering
light or causing uneven focus, resulting in a blurred effect. Furthermore, due to frequently limited
accessibility and difficult setup conditions in the field, cameras are often placed at a non-zenithal
perspective on the channel and non-optimal recording distances. This potentially introduces severe
distortions in the acquired footage, leading to the reconstruction of velocity values and distributions
that are not representative of the flowing landslide mass. Additionally, image quality may be further
impacted by motion blur, which occurs when the frame rate of the installed cameras, especially in the
context of low-cost monitoring stations, is not sufficient to fully capture the movement of the flow.
In this study, two sets of flume experiments were conducted to test the applicability of PIV algorithms
under different input image quality conditions, from ideal laboratory acquisitions to suboptimal
recordings that mimic typical field footage. The main objective is to assess PIV's ability to produce
reliable flow field data using blurred images and non-zenithal recording angles and to identify
uncertainties arising from these suboptimal conditions.

outlines the experimental setup and the analysis workflow adopted. presents the
main experimental results, while explores the main sources of uncertainties in the

techniques employed, considering their application in the field.

2. Methods
2.1 Experimental setup

Figure 1a schematically illustrates the experimental setup employed in the two sets of landslide flume
experiments, referred to as F/ and F2, conducted at the Department of Civil and Structural
Engineering at the University of Sheffield (Figure 1b) and the British Geological Survey site in
Keyworth (Figure 1c¢), respectively. Both series of tests focused on observing dry granular flows from
different perspectives as they were gradually released from the flume hopper. The selection of dry
granular materials was driven by the need to design straightforward experimental setups, prioritising
data acquisition and processing over the precise replication of in situ phenomena in terms of material
properties and scaling. Despite the similarity of the processes observed, the recording conditions in
the two sets of experiments, summarised in Table 1, were systematically different, as detailed in the

following sections.
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2.1.1 F1 tests

The F1 tests featured recordings from two optimal perspectives utilising a high-performance high-
speed camera, sharply capturing dry granular flows of approximately 3.85 mm Denstone® ceramic
beads (Zhao et al. 2023) at 1000 frames per second (fps). The first recording geometry (R;) positioned
the camera above, facing the chute surface perpendicularly to capture the flow from an ideal zenithal
perspective. The second viewing angle involved positioning the camera perpendicularly to the side
of the flume, recording the side of the flow through the smooth Perspex wall and aligning with the
fixed chute’s slope (0) at 30° from the horizontal. This ideal perspective, while not accessible in the
field, is commonly utilised in flume experiments to investigate internal flow dynamics (e.g.
Wiederseiner et al. 2011; Li et al. 2022).

These acquisition geometries were established to frame fixed regions on both the surface and side of
the chute, as indicated by the green and blue squares in Figure la, respectively. This setup enabled
consistent recording and characterisation of surface and internal velocity distributions within the same
portion of the flow. Cameras were positioned to focus on regions around the flume’s midpoint, aiming
to capture as uniform flow as possible and minimise potential effects from the material release at the
upper slope or the transition to free-fall motion near the chute’s end.

To facilitate the generation of a regular flow, potentially reaching a steady-state condition over time,
upon which to focus the analyses, the granular material was progressively released from the flume
hopper through a sluice gate, avoiding dam-break release mechanisms, typically employed in debris
flow physical models (e.g. Iverson et al. 2010; Eu et al. 2017). The initial thickness of the flow (/o)
and the material’s release rate were controlled by the gate opening (H) and the material’s head in the
hopper, which gradually decreased during the experiment. Care was taken to maximise the initial
head while maintaining an even distribution of the material within the hopper, ensuring a uniform
release rate throughout a significant portion of the test.

With a single high-speed camera available, each flow was repeatedly captured from different
recording geometries, while maintaining consistent boundary and initial conditions. Subsequently,
the boundary conditions at the chute’s base were systematically altered to increase surface roughness,
documenting eventual variations in the flow dynamics. The transparent Perspex sidewalls were
consistently kept unchanged to ensure continuous observation. As detailed in Table 1, three main
tests have been conducted: one employing the standard smooth aluminium base, another with an
intermediate roughness base composed of glued ceramic beads of about 1 mm diameter, and a third
using a coarse sand base with particle sizes ranging from 1 to 2 mm.

Unlike similar experiments described in the literature, which often include a seeding phase, where

coloured, fluorescent or reflective tracer particles are added to the material to enhance flow patterns
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(Savage 1979; Parsons et al. 2001; Lindken 2009), the tests performed omitted this procedure. The
texture of the granular materials employed was deemed adequate to enable the reconstruction of flow

dynamics, given proper lighting. This was achieved using 50W DC LED floodlights (Figure 1b).

2.1.2 F2 tests

In contrast to the F/ experiments, which involved the application of the PIV algorithm to sharp
footage captured from optimal recording angles, the F2 experiments explored different acquisition
geometries and image quality scenarios. In addition to the ideal perspectives (R; and Rj3) used in the
F1 experiment set, the F2 tests implemented an additional recording geometry (R2). This other
observation angle involved positioning the camera slightly to the side of the flume, facing downslope
with an inclination of 20° relative to the flume slope (6), capturing the surface of the flow from a
more oblique, non-zenithal perspective (Figures Ic and 3). This suboptimal camera orientation
mirrors the recording geometry typically employed in the field, where achieving a perfectly zenithal
perspective can be challenging (Patalano et al. 2017). In the field, cameras are commonly placed to
the side of the channel, slightly inclined downward to minimise interference from rain droplets and
at a generally low angle relative to the horizontal.

The F2 experiments featured simultaneous recordings of the same region of the flume from the three
described perspectives of dry granular flows composed of fine sand (dpean = 0.28 mm), utilising
regular cameras with maximum frame rates of 240 fps. Multiple tests were conducted at progressively
higher flume slope angles (f) while maintaining the other boundary conditions constant. This
approach resulted in increasingly faster flows and, given the fixed camera frame rate, gradually
blurrier and lower-quality footage, enabling the consideration of a wide spectrum of image quality
conditions.

Despite these methodological differences, the F2 tests were conducted with the same care and
precautions as detailed for the FI experiments, specifically regarding material preparation and
release, as well as camera positioning around the mid-portion of the flume length, ensuring the
recording of flows as regular and uniform as possible.

As with the F'/ experiments, the F2 tests were performed under the assumption that no seeding phase
was needed, contributing to the generation of challenging conditions for the application of the PIV
algorithm to suboptimal quality footage (see ). Nevertheless, this setup is representative
of field conditions, where seeding is not possible. Similar to F1 tests, lighting was provided using

multiple S0W DC LED floodlights (Figure Ic).
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2.2 Analysis workflow

Despite the slight differences in experimental procedures between the two described sets of tests, the

acquired footage was processed following the same analysis workflow schematised in Figure 2.

2.2.1 The PIV algorithm

PIV algorithms are non-intrusive optical measurement techniques used to determine the velocity field
of recorded fluid flows. This is achieved by identifying the displacement of similar groups of pixels
(or particles) in successive images through cross-correlation methods (Adrian 1991). The captured
frames are initially subdivided into a grid of smaller sub-regions, framed by a moving interrogation
window, or patch, whose size and shift define the final measurement resolution. For each consecutive
image pair, the cross-correlation matrix is evaluated within the moving interrogation patch. The
location of resulting cross-correlation peaks provides the most probable displacement vectors,
connecting the similar groups of pixels identified between the two consecutive frames along a straight
line (Raffel et al. 2007; Thielicke and Stamhuis 2014). This information, combined with the timestep
between images, ultimately yields the frame-by-frame flow velocity field. Unlike Lagrangian PTV
techniques, which reconstruct the trajectory of individual tracer particles (Kreizer et al. 2010), PIV
algorithms are Eulerian methods that enable the reconstruction of the flow vectors regardless of single
particle characteristics (Patalano et al. 2017).

For both the F/ and F2 experiments, a PIV analysis was conducted on the frames extracted from the
footage recorded from the different perspectives based on the camera’s frame rate, employing the
open-source algorithm PIViab (Thiclicke and Stamhuis 2014). This particular algorithm utilises a
multi-pass approach, where each flow vector results from successive computational steps during
which the original moving interrogation patch is progressively deformed and refined. The first step
involves computing the frame-by-frame displacement vectors between similar groups of pixels by
evaluating two-dimensional cross-correlation peaks within a moving interrogation patch (Thielicke
and Sonntag 2021), following the described basic PIV principles. In the subsequent step, the
displacement information obtained within the first interrogation patch is interpolated for every
enclosed pixel and used to deform the second-pass patch. Within this finer patch, the cross-correlation
matrix peaks are evaluated by repeating the procedure followed in the previous pass, thereby refining
the input displacement information. Through this iterative process, the algorithm yields progressively
more accurate and refined displacement vectors, enhancing correlation robustness and decreasing

random error contributions (Thielicke 2014).
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2.2.2 Optimal images

In the flume experiments performed in this study, a two-pass PIV approach was adopted in the PIViab
environment defining interrogation patch sequences of 64x64 — 32x32 pixels and 24x24 — 12x12
pixels, for FI and F2 tests, respectively. The interrogation patch size, especially for F'/ experiments
where larger particles were employed, was defined to enclose around 5 — 15 particles on average to
improve correlation significance (Adrian and Westerweel 2011; Gollin et al. 2017). Additionally, the
interrogation patch shift in the moving window algorithm was consistently set to 50% of its size.
Consequently, as depicted in Figure 2a, for each pair of extracted frames, the two-dimensional flow
displacement and corresponding velocity fields were derived, with a flow vector density determined
by the size and shift of the moving patch. The obtained velocity fields, initially expressed in
pixels/frame, were converted to real units (m/s) by defining the time step between frames and the
pixel size. The latter was determined by calibrating the images against known distances: the chute
width for the surface velocity field and a reference distance measured on a ruler taped to the flume
sidewall within the camera’s field of view for R; recordings.

After retrieving the frame-by-frame velocity field, the analysis focused on a specific subset where the
flow exhibited steady-state behaviour. This approach facilitated more meaningful comparisons
between recordings acquired from different geometries, whether obtained in separate tests (F/) or
simultaneously (£2). The extraction of the steady-state frames subset was performed as follows. First,
two section traces were defined perpendicular to the flow direction, bounding the edges of an ideal
plane transversally crossing both the surface and the side of the flume at the same distance from the
hopper, applicable to the R; and R; recording geometries, respectively. Along these traces, for R;
acquisitions, a short section, indicated as Section (I) and represented by a red solid line in Figure 2a,
was traced around the mid portion of the chute to capture the central part of the flow surface.
Similarly, another short section, limited to the upper portion of the flow, was considered for R;
footage. Subsequently, for each recording geometry, the frame-by-frame mean velocity value along
the defined sections was computed and observed over time, as illustrated in the chart in Figure 2b.
The subset of frames exhibiting an overall constant mean velocity, indicated by a null slope of the
regression line and suggesting steady-state flow conditions, was isolated and extracted, while the
preceding frames were discarded. The steady-state surface and side velocity profiles were then
extracted for the selected frame subset along the same sections, but this time considering the entire
extent of the flow, as indicated by the red dashed line in Figure 2a for R; recordings, labelled as
Section (1I). The resulting velocity profiles, along with their mean distribution resampled at regular
intervals, and the corresponding standard deviation values were ultimately plotted as shown in Figure

2¢ to summarise the steady-state surface and internal velocity distributions of the recorded flow. For
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validation, the reconstructed velocity values were compared with manually derived measurements
obtained by visually tracking frame-by-frame individual particle trajectories at multiple flow depths
on the same steady-state subset of Rj3 recordings. These independent velocity measurements were

taken using a ruler affixed to the side of the flume and visible within the camera's field of view.

2.2.3 Suboptimal images

The methodological approach detailed in the previous section for analysing sharp footage from ideal
perspectives in both experiment sets was also applied to suboptimal images, with minor
modifications. Specifically, the analysis workflow remained unchanged for the blurred footage
captured in the F2 experiments from the ideal perspectives, whereas it was properly adjusted for R>
acquisitions regardless of image quality. While pixel size is uniform across the image for R; and R;
acquisitions, this is not the case for R:. In such instances, the non-zenithal recording angle introduces
a significant disproportion between pixel sizes in the foreground and background. Background pixels
are generally more poorly resolved, with differences and gradients depending on the geometric
relationship between the captured portion of the channel and the camera, both in terms of recording
angle and distance (Jolley et al. 2021).

Consequently, converting and transposing the pixel reference system of the images to real coordinates
and units is not as straightforward as with R; and R;3 recordings. Applying the same methodology
could result in significant deviations of the reconstructed flow velocities from the actual values.
Therefore, to assess the contribution and remove such optical distortions, the obtained R surface
velocity field (Figure 3a) was appropriately orthorectified using the open-source algorithm RIVeR
(Patalano et al. 2017). This software enables orthorectification operations directly on PIV-derived
flow velocity fields within a user-defined two-dimensional region of interest. This is accomplished
by computing the homography matrix (Corke 2011), which uniquely maps real-world coordinates to
their planar projection on the image within the selected area. This matrix is solved using the Camera
Calibration Toolbox (Vision Caltech 2009) for MATLAB by specifying the real-world and image
coordinates of a series of known control points (Figure 3b). While four control points are sufficient
to perform 2D orthorectification, solving the homography matrix in three dimensions requires the
spatial coordinates of at least six points. Given the controlled conditions of the present experiments,
which focused on steady-state flows over flat and regularly shaped chutes, the simpler 2D
orthorectification approach using four control points was deemed adequate. However, as noted in
Section 4.3, more complex field scenarios may necessitate 3D orthorectification to account for

irregular geometries and unsteady flow conditions.
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The calculated homography matrix is then utilised to extend the image-to-real-world coordinate
system relationship to the entire region of interest, accurately determining the actual pixel size (Figure
3¢) and reprojecting the flow velocity vectors as if derived from a zenithal observation (Figure 3d).
The resulting R> orthorectified velocity profiles were ultimately compared and plotted against the
corresponding uncorrected ones and those derived from the zenithal perspective (R;), which ideally
represent the actual surface velocity distribution of the flow.

Despite the existence of advanced techniques for mitigating motion blur and restoring image
sharpness, including deconvolution algorithms (Lucy 1974; Hosseini & Plataniotis 2020; Satish et al.
2020) and more sophisticated machine learning approaches (Zhang et al. 2017; Lian & Wang 2023;
Chen 2024), the described methodology was applied directly to the unprocessed camera footage,

prioritising operational simplicity and straightforward implementation for future field applications.

3. Results

This section presents the results obtained from the F/ ( ) and F2 ( ) laboratory

flume tests, conducted employing the experimental setup and processing procedures detailed in

3.1 F1 tests

Figure 4 summarises the results of the three main flume experiments in the F/ set, comparing the
mean velocity profiles and corresponding standard deviation bands of the steady-state flows recorded
from R; (Figure 4a) and R3 (Figure 4c) perspectives, under the three varying boundary conditions at
the base of the flow indicated in Table 1. The velocity profiles reconstructed for the flows with the
smooth aluminium, intermediate roughness (1 mm ceramic beads), and coarse angular sand beds are
displayed in blue, green, and red, respectively. The blue curves exhibit the highest velocities, with
values of approximately 1.7 m/s around the central region and 1.5 m/s towards the shallower portions
of the flow in the surface and side velocity distributions, respectively. Conversely, the green and
particularly the red curves consistently display lower velocities, with mean values of 1.6 m/s and 1.3
m/s, and 1.2 m/s and 0.7 m/s, respectively, evaluated in the same regions of the flow. These curves
not only highlight a significant overall velocity reduction with increasing chute surface roughness but
also display a consistent marked continuity between surface and side velocity distributions, revealing
comparable values at the intersections between the analysed section pairs.

Examining the side velocity profiles (Figure 4¢), the employed sluice gate opening (H) of 85 mm,
corresponding to a flow thickness normalised by particle size ratio (h/d) of approximately 22, resulted

in varying flow thicknesses across the different bed types. The angular sand bed produced the thickest



335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368

flows, measuring around 38 mm, while values of 27 and 24 mm were documented for the smooth and
intermediate roughness bases, respectively. In terms of normalised /4/d ratios, these values correspond
to approximately 10, 7 and 6.

Additionally, the side velocity profiles reveal progressively different flow conditions as bed
roughness increases and overall flow velocity decreases. The faster flows over smooth and
intermediate roughness beds share similar velocity distributions, with progressively lower values with
depth that remain visibly above zero at the bottom, indicating a slip-flow rheological behaviour (Nagl
et al. 2020). In contrast, the high-roughness bed produces distinct flow conditions, characterised by a
steeply decreasing velocity profile, reaching zero at the base. This particular rheological behaviour,
alternatively referred to as heap flow (GDR MiDi 2004; Jop et al. 2005, 2006), where the flow is
concentrated in the upper portions, marks the transition from inclined plane flow to flow on an
erodible bed. Within this flow, the grains effectively move over a lower, thinner quasi-static layer
(Jop 2015) of interlocked particles due to the base roughness.

The distinct rheological behaviours observed are also quantitatively highlighted by the velocity
coefficient a, computed as the ratio between the depth-averaged velocity along the vertical
investigated in the proximity of the transparent sidewall and the corresponding surface velocity.
Flows over smooth and intermediate roughness bases, exhibiting similar rheological behaviour,
reveal comparable a values of 0.73 and 0.68, respectively, aligning with the 0.6 — 0.8 range reported
in the literature for flows in dense granular media (Cui et al. 2018; Nagl et al. 2020; Aaron et al. 2023
Spielmann & Aaron 2024). In contrast, flow conditions over the rough sand base yield a remarkably
lower a value of 0.34.

Although this rheological behaviour transition is remarkable in the side profiles, the corresponding
surface ones (Figure 4a), net of the overall varying velocities, do not reflect any indication of the
documented changes in internal flow conditions. This is further highlighted in the normalised profiles
displayed in Figure 4b, with velocity distributions consistently collapsing onto a common trend,
making it virtually impossible to infer the actual rheological behaviour and internal flow structure
from surface observations alone. This complexity, common in flume experiments, arises from
systematically different boundary conditions at the bottom and the side of the flow, framed by a
progressively rougher base and smooth Perspex walls, resulting in undifferentiated slip-flow
conditions along the sides.

Overall, F1 tests indicate the effectiveness of the PIV technique in characterising flows under optimal
conditions. This is evidenced by the consistent agreement between PIV-derived velocity and
independent manual measurements performed at four distinct flow depths, which systematically fall

within the standard deviation bands of the mean steady-state profiles displayed in Figure 4c. The low
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standard deviation values relative to the mean enable the proper identification of the flow velocity
profiles. Notably, the quality of the reconstructed side velocity distributions allows for the observation
of varying flow regimes, which align with the expected behaviour of the flow under the defined

boundary conditions.

3.2 F2 tests

Figure 5 summarises the results from F2 experiments testing and assessing the applicability of the
described PIV methodology under varying input image quality conditions. Among the various
experiments performed, two reference cases are presented, depicting ideal and sub-optimal
acquisition conditions within the spectrum of recording scenarios explored. These configurations are
represented by the blue and red curves in the figure, corresponding to slower flows with a slope angle
(0) of 28° and faster ones with 8 = 30°, respectively. As illustrated by the frames in Figure 5a, for a
fixed camera frame rate, increasingly faster flows due to higher slope angles (6) translate into
progressively poorer image quality, transitioning from ideal, sharp images to blurrier frames. Similar
to Figure 4 for the FI experiments, the curves displayed represent the mean velocity distributions
along with the corresponding standard deviation values of the steady-state flows recorded from the
R; (Figure 5a) and R3 (Figure 5b) camera geometries. Apart from a consistently greater dispersion
around the mean values for the blurrier footage, the curves reveal that the applied methodology can
coherently reproduce the flow, estimating velocity distributions in both scenarios. This is further
corroborated by the positive correspondence with independent, visually determined velocities at three
different flow depths, which consistently align with and fall within the standard deviation values of
the R; profiles shown in Figure 5b. Despite the different flow velocities, the two sets of curves exhibit
similar distributions with slip-flow behaviour at the interfaces with the smooth aluminium base and
Perspex walls, consistent with the rheological behaviour expected for a dry granular flow governed
by the described boundary conditions. The observed similarity in flow conditions is further supported
by the numerical values of the velocity coefficient (a), calculated consistently with the F'/ experiment
set. The tests conducted at @ =28° and 6 = 30° yield analogous a values of 0.83 and 0.81, respectively,
both comparable with the previously reported literature range of 0.6 — 0.8 for such phenomena.

The side velocity profiles in Figure 5b reveal slight differences in flow thickness. With an initial gate
opening (H) of 40 mm (h/d = 143), thicker flows of about 10.5 mm were observed at § = 30°, while
slightly lower values around 9.5 mm were observed at # = 28°. These thicknesses correspond to
normalised h/d ratios of approximately 34 and 38, respectively.

Additionally, as highlighted in the F tests, the velocity profiles in Figure 5 display a systematic

continuity between the surface and side velocity fields, with values of approximately 0.1 m/s and 0.3
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m/s documented for 6 = 28° and 6 = 30° flows, respectively, near the intersection of the analysis
sections.

Figure 6 condenses the results of the F2 tests focused on evaluating the effects of a non-zenithal
recording geometry (R2) on reconstructing the surface velocity distribution of the flow compared to
its actual velocity field, ideally determined from a zenithal perspective (R;). The R; surface velocity
profiles reconstructed for the flows observed at § = 28° and 6 = 30°, described in Figure 5a, are
reported as green curves in Figures 6a and 6b, respectively. In both figures, the blue profiles represent
the surface velocity distributions obtained for the same flows from recording geometry Rz, where
pixel size was considered homogeneous across the entire image and defined uniquely based on a
known distance coinciding with the chute width. These curves, for which input image distortion was
not corrected, significantly and systematically underestimate the real flow velocity distribution, with
an average offset of approximately 55% for € = 28° and 65% for 6 = 30°. Conversely, a consistent
alignment with the real surface velocity distribution is documented in both scenarios for the
orthorectified R: profiles, depicted in red in Figures 6a and 6b, exhibiting comparable offsets of about
2% on average. This highlights that sub-optimal quality footage from non-zenithal recording
geometries can be effectively employed for estimating the surface velocity field of a flow when

appropriate orthorectification algorithms are applied.

4. Discussion
4.1 Effects of suboptimal image quality

The results from the F2 flume tests revealed that the methodological approach employed enables a
reasonable estimate of flow velocity fields even under suboptimal image quality conditions (

). However, to consistently assess and quantify the effects of image blur on the PIV-derived
velocity distributions, the F2 experimental footage captured at 6 = 28° from the zenithal perspective
(R1) was considered. The quality of the original sharp footage was progressively artificially decreased
by applying a Gaussian smoothing algorithm. Gaussian smoothing is a two-dimensional convolution
operation that utilises a moving kernel represented by a Gaussian function to transform the enclosed
original image pixels, reducing their noise and detail, and resulting in blurred images (Marr and
Hildreth 1980; Shapiro and Stockman 2001). The blur level is controlled by the standard deviation
(o) of the Gaussian distribution employed. A wide spectrum of image blur scenarios was considered,
using values of o ranging from 1 to 5. For each ¢, the mean surface velocity profile was reconstructed
along the same section and compared to the original.

The mean velocity profiles obtained reveal a consistent increase in uncertainty with o, with standard

deviation values 20% higher than the original for ¢ =1, and up to 2 or 5 times the original for ¢ =3
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and ¢ =5, respectively. Additionally, as displayed in Figure 7a, the shape of the original velocity
distribution reported in green is gradually less recognisable transitioning to higher blur levels. Besides
the greater uncertainty, these velocity profiles consistently and sensibly underestimate the original
values, up to an average difference of approximately 45 % for ¢ = 5. This bias is attributable to the
poorer quality of the input images, which results in broader and less distinct peaks in the cross-
correlation matrix evaluated in the PIV algorithm, leading to a decrease in the signal-to-noise ratio,
and, consequently, reduced correlation accuracy (Elsinga et al. 2005). This causes the generation of
spurious velocity vectors that do not accurately represent the recorded flow. These vectors exhibit
orientations that can significantly deviate from the actual flow direction, as displayed qualitatively in
the plan view (Figures 7b, ¢) and quantitatively along a reference section (Figures 7d, e) for the same
frames pair under optimal and blurred (¢ = 5) image quality conditions. While in the former case, the
flow vectors are uniformly oriented at about 90° relative to the analysis section, they become more
chaotic for o =5, revealing diverging orientations characterised by peak differences of approximately
+ 60°, indicating fictitious transversal velocity components. These transversal components may lead
to a substantial reduction in the velocity magnitude values extracted along the reference section,
thereby motivating the consistent velocity underestimation observed.

As synthetically shown in Figure 7 and further detailed in Figures 8 and 9 in the supplementary
materials, the effect of image blur may be partially mitigated by defining a sequence of larger
interrogation patches in the PIV analysis. For instance, Figure 7 highlights how the adoption of an
interrogation window sequence of 96 — 48 pixels, four times larger than the 24 — 12 pixels patches
used in the initial analysis, produces a clear reduction in uncertainty and underestimation of the flow
velocity as o increases, albeit with a reduced spatial resolution. In this case, for ¢ = 5, the deviation
of the velocity distribution from the original values, indicated by the red and green dashed curves in
Figure 7a, respectively, decreases from approximately 45% to 20%. Additionally, the distribution of
the velocity vector orientations along the analysis section, depicted by the black dashed curves in
Figures 7d and 7e, more closely aligns with the original, with deviations consistently below + 10°
from the true flow direction.

While the usage of larger interrogation windows visibly enhances PIV analysis results for suboptimal-
quality footage, with the improvement proportional to the level of image blur, the effect is less
pronounced for sharp images. Maximum differences of approximately 2% were observed between
the velocity profiles reconstructed from sharp frames employing interrogation patch sequences of 24

— 12 pixels and 96 — 48 pixels, depicted by the two green curves in Figure 7a.
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The fact that the accurate reconstruction of flow dynamics is not hampered when individual particles
within the flow are not clearly recognisable, provided the discussed adjustments are applied, supports
the reasonable extension of the adopted methodology to the analysis of more complex multiphase

flows in both laboratory and field settings.

4.2 Effects of inadequate frame rate

Another crucial parameter in field acquisitions, particularly in the context of low-cost monitoring
systems, is the recording camera’s frame rate. To investigate the impact of inadequate sampling
frequency on flow velocity field reconstruction, the F2 experimental footage captured at § = 28° from
the zenithal perspective (R;) was again used as a reference. The original 240 fps footage was
progressively undersampled down to 30 fps, with PIV analysis performed at each intermediate step
to compare the reconstructed surface velocity distributions.

The resulting mean velocity profiles reveal a marked increase in uncertainty towards lower frame
rates. Standard deviation values were 20% higher than the original at 120 fps, and up to 2 and 4 times
higher at 60 fps and 30 fps, respectively. Similar to the motion blur effect described in the previous
section, Figure 10 illustrates how the shape of the original velocity distribution (reported in green)
becomes less recognisable towards lower frame rates, consistently underestimating velocity values.
This discrepancy stems from the reduced temporal resolution in the undersampled footage, where
actual particle displacements exceed the size and shift of the PIV moving interrogation window. This
aliasing effect leads to a systematic loss of correlation between frame pairs (Raffel et al. 2007),
generating biased flow velocity vectors that inaccurately reflect the observed flow. These spurious
vectors display orientations that diverge remarkably from the true flow direction, as shown
qualitatively from a zenithal perspective in Figures 10b and 10c, and numerically along a reference
section in Figures 10d and 10e, for the same image pairs captured at the original and reduced (30 fps)
frame rates. While properly sampled footage, produces a homogeneously oriented velocity field at
about 90° relative to the analysis section, undersampled recordings exhibit a more chaotic distribution
of vectors, with some even directed upstream and orientation deviations of up to = 120° from the
actual direction.

Figure 10 also briefly illustrates that undersampling effects can be effectively mitigated by adopting
larger interrogation patch sequences during PIV analysis. Specifically, employing a window sequence
of 96 — 48 pixels, four times larger than the original, leads to a sharp reduction in uncertainty and
underestimation of flow velocity at lower frame rates, albeit at the cost of a coarser spatial resolution.
For example, at 30 fps, the velocity deviation from the original values drops approximately from 80%

to 1%. Similarly, the velocity vector orientations along the analysis section, highlighted by the black
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dashed curves in Figures 10d and 10e, closely align with the original, with deviations consistently
under + 2° from the true flow direction.

The effects of using larger interrogation windows are further illustrated in Figures 11 and 12 in the
supplementary materials, concerning patch sequences of 48 — 24 pixels and 94 — 48 pixels,

respectively.
4.3 Orthorectification uncertainties

The methodological approach adopted in the F2 experiments highlighted that the use of appropriate
orthorectification algorithms on the PIV-derived surface velocity field can mitigate distortions
introduced by non-zenithal recording geometries (R2). The two-dimensional orthorectification
algorithm employed requires specifying the coordinates of four known control points, framing an
ideal plane where the transposition between the pixel reference system and the real-world coordinates
is performed based on the actual size of the pixels enclosed. While defining these control points as
well as their respective distances in a controlled, small-scale laboratory environment is
straightforward, in the field, these operations may present a more significant challenge depending on
the accessibility of the landslide channel. This could lead to inaccuracies in determining these
distances and, consequently, in estimating the actual flow velocity field.

To assess and quantify the potential effects of measurement errors on the final surface velocity
distribution, the orthorectification procedure was repeated on the same footage captured at 6 = 28°
multiple times, artificially modifying the control points' distance values. The real distances were
progressively altered considering errors of + 5%, 10% and 15%. The resulting velocity profiles are
compared in Figure 13. Overestimations of the actual distances result in profiles that increasingly
overestimate both the channel width and flow velocity, whereas underestimations yield the opposite
effect. These deviations are represented in the figure by curves grading from green (actual values) to
red (overestimation) or blue (underestimation). The displayed distributions reveal that, in our
experiments, the input percentage error in the distances approximately corresponds to the deviation
observed with respect to the real velocity profile, both positively and negatively.

In addition to evaluating uniformly distributed errors across the region of interest, the potential effect
of measurement errors affecting a single control point was also considered. Artificially altering the
inter-distances associated with one control point, simulating its misidentification in the field,
produced a pronounced distortion of the orthorectified velocity field towards the modified point. This
resulted in surface velocity profiles that not only exhibited different flow widths but also displayed
markedly asymmetric trends, deviating from the original distribution with an intensity proportional
to the error magnitude. The abnormal shape of these velocity distributions, characterised by values

progressively increasing towards one side of the channel, could serve as an indicator in field
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applications, suggesting the presence of errors concentrated on the identification of a single control
point.

Given the potential significance of such errors, it is crucial in the field to measure the channel
geometry within the field of view of the monitoring camera as accurately as possible.

In natural environments, challenges in orthorectification extend beyond the discussed complex
channel geometries, which may hinder the uniform distribution of control points and compromise
their precise positioning. Further complexities arise from the transient nature of the observed
phenomena. While the flume experiments described in this study focused on steady-state flows with
constant thickness and velocity, such stable conditions are rarely encountered in real-world scenarios.
Under fluctuating flow levels, the recording distance between the camera and the flowing mass
becomes variable, and pronounced changes can significantly alter the area encompassed within the
region of interest identified for PIV analysis and orthorectification procedures. These fluctuations
complicate the accurate mapping of real-world coordinates into the 2D image plane where the flow
velocity field is reconstructed (Li et al. 2019). For instance, flow level underestimation leads to
exaggerated horizontal distances and, in turn, velocity overestimation, while flow level
overestimation produces opposite effects (Dramais et al. 2011). Consequently, flow level variability
represents a primary source of uncertainty in LSPIV analyses (L.e Boursicaud et al. 2016).

Recent literature shows that LSPIV has predominantly been applied in riverine environments (Muste
et al. 2008; Zhu & Lipeme Kouyi 2019). Studies indicate that 2D orthorectification algorithms,
similar to those employed in the flume tests described, are suitable for relatively narrow channels
(approximately 10 — 20 m wide) with regular geometries, where the four specified control points and
flowing water can be reasonably assumed to lie within the same plane (Patalano et al. 2017; Bodart
et al. 2024). Conversely, in cases involving more complex channel geometries, irregular riverbank
topographies, or fluctuating flow levels, more advanced 3D orthorectification algorithms are
generally required (L.e Coz et al. 2010; Detert 2021). These methods typically necessitate identifying
at least six control points, preferably up to ten for redundancy and better reliability (Fujita and Kunita
2011; Jolley et al. 2021), distributed uniformly along the observed channel segment. Notably, simply
increasing the number of control points does not inherently reduce orthorectification uncertainty.
Rather, the precision in locating these points is critical, making fewer but highly accurate control
points generally preferable to a larger number with less precise measurements (e Coz et al. 2021;
Bodart et al. 2024).

Episodic flow-like landslides, such as debris flows, typically exhibit transitions between a front, a
central body, and a tail, potentially grading into hyperconcentrated water flows (Turnbull et al. 2015).

These events may feature successive surges, resulting in significant flow depth variations up to
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several meters (Zanuttigh & Lamberti 2007; Meyrat et al. 2022). Therefore, adopting 3D
orthorectification algorithms is essential for field applications. Additionally, segmenting the acquired
footage into subsets based on homogeneous flow levels can help mitigate orthorectification

uncertainty caused by fluctuating flow depths (Theule et al. 2018).

Further laboratory flume tests would be required to thoroughly investigate and quantify errors and
limitations of the orthorectification process, particularly as a function of the non-zenithal (Rz) camera
placement. This would involve systematically varying the viewing angle, recording distance, and
potentially the flow level, enabling a comprehensive understanding of how these factors impact the

accuracy of reconstructed velocity fields.

5. Conclusions

In this study, two sets of laboratory flume experiments were performed between the Department of
Civil and Structural Engineering at the University of Sheffield (/) and the British Geological Survey
site in Keyworth (F2). The primary goal was to assess PIV algorithm capabilities across a range of
recording scenarios, from ideal laboratory settings to suboptimal conditions typical of field
observations, and validate a methodology that could be employed to reconstruct the surface velocity
distribution of flow-type landslides and acquire insights into their rheological behaviour.

Based on the research findings, the following conclusions can be drawn:

1) The experiments performed under optimal conditions demonstrate the efficacy of the PIV
algorithm in reconstructing the velocity distributions of observed flows. Additionally, the processing
of tests monitored using zenithal and lateral cameras emphasises the critical role of understanding the
boundary conditions at the base and sides of the flow to reasonably estimate its rheological behaviour.
This is particularly crucial in field applications, especially if attempts are made to infer the internal

dynamics of the flow based on the exclusively available surface velocity distribution.

2) Non-zenithal footage, commonly available from field acquisitions, can be effectively utilised to
retrieve the real surface velocity distribution of the flow by adopting appropriate orthorectification
techniques. The analyses underscore the importance of accurately defining suitable control points in
the field for the orthorectification algorithm, noting that percentage errors in measuring their inter-

distances result in comparable deviations in the reconstructed velocity profiles.

3) Footage from widely deployed low-cost field camera monitoring systems, often characterised by
blurriness, suboptimal quality, or insufficient sampling rates, can still be used to estimate the surface

velocity distribution of flows, albeit with non-negligible uncertainty. This uncertainty may include
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significant underestimations of the actual flow velocity, which can be detected and reasonably
mitigated by adopting sequences of larger interrogation patches in the PIV analysis, at the cost of

slightly lower spatial resolution.

The present work establishes the foundation for applying the detailed and tested methodological
framework to the in-depth characterisation of field-recorded debris flow events, addressing both
rheological behaviour and hydrodynamic parameters. A comprehensive analysis is currently
underway, including rigorous comparisons with field observations and numerical modelling analyses,

which will be presented in a forthcoming study.
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Ry Plan view (zenithal)
R, Oblique view (non-zenithal)

R;3 Side view

Flume characteristics
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796

797 Fig. 1 — Experimental setup scheme (a) and pictures of the different laboratory equipment employed for F/ (b) and F2
798 (¢c) flume test sets.
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Experimental

setup F1 F2
Flume length (L) 1.2m 4m
Flume width (W) 0.1m 0.1m
Flume slope (6) 30° 0-33°
Hopper volume (V) 0.021 m3 0.05 ms
Gate opening (H) 0.085m 0.04 m

Chute surface

- Smooth (aluminium)
- Ceramic beads (d =1 mm)
- Angular sand (d =1 -2 mm)

Smooth (aluminium)

Material employed

Denstone® ceramic beads
(dmean =~ 3.85 mm)

Fine sand
(dmean ~ (.28 mm)

Material volume 0.008 m?3 0.083 m3
CaEEs Phantom Miro M310 GoPro Hero 10 [R1, R3] — 11 [R2]
(Frame rate = 1000 fps) (Frame rate = 240 fps)
Rec:ord—g'.n R:, R Ri. Rs, Rs
geometries
Recording - R1=045m - R1=0.25m
Distances - R3=0.40m - R2=0.30m
T - R3=0.20m

Table 1 — Summary of the primary characteristics of the flume apparatus, granular material, cameras and recording
geometries utilised in the F/ (blue) and F2 (orange) experiment sets.
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Velocity profiles comparison - Plan view (R7)
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Fig. 4 — Surface velocity distributions, both original (a) and normalised (b), along with side velocity profiles (c) relative
to the flows recorded in the F/ flume experiments set. The velocity distributions are colour-coded based on the boundary
conditions imposed at the base of the flow, achieved by varying its roughness: smooth (blue), intermediate (green,
constituted of 1mm ceramic beads), and coarse sand (red). The grey circles in (b) indicate manually determined velocity
values, with circle size corresponding to the diameter of visually tracked beads.
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Fig. 5 — Surface (a) and side (b) velocity profiles for the flows captured in the F2 flume experiments set. The velocity
distributions are depicted in blue and red for the flows recorded at § = 28° and 0 = 30°, respectively. Examples of plan
view frames captured for the two image quality scenarios are also provided (a). The mild asymmetry in the surface velocity
distributions in (a) may be attributed to a slight tilt in the flume chute. The grey circles in (b) indicate manually determined
velocity values, with circle size corresponding to the diameter of visually tracked particles.
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Fig. 6 — Comparison of the surface velocity distributions reconstructed along the same section from the R; perspective
(green) and R uncorrected (blue) and orthorectified (red) flow velocity fields, corresponding to two reference image
quality scenarios of € = 28° (a) and 8 = 30° (b) considered in the F2 experiments. The mild asymmetry in the surface
velocity distributions in (a) may be attributed to a slight tilt in the flume chute.
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Fig. 7 — Surface velocity distributions reconstructed along a reference section from the R1 perspective using a sequence
of moving interrogation patches of 24 — 12 pixels in the PIV analysis of the F2 test performed at 6 = 28°. Curves are
colour-coded based on the image blur level, expressed by the Gaussian smoothing filter parameter o, increasing from blue
to red. The green profile refers to the original sharp images. Dashed green and red lines represent the velocity profiles
obtained from the real frames and highly blurred images (o = 5), respectively, using an interrogation patch sequence of
96 — 48 pixels (a). Zenithal view of flow vectors reconstructed for the same frame pair analysed at ¢ = 5 (b) and for clear
footage (c). Orientation of flow velocity vectors extracted along the purple line shown in (b) and (c) for highly blurred
footage (d) and original images (e). The dashed black lines represent velocity vector orientations determined along the
same section employing an interrogation patch sequence of 96 — 48 pixels in the PIV analysis.
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Fig. 8 — Surface velocity distributions reconstructed along a reference section from the R; perspective using a sequence
of moving interrogation patches of 48 — 24 pixels in the PIV analysis of the F2 test performed at § = 28°. Curves are
colour-coded based on the image blur level, expressed by the Gaussian smoothing filter parameter o, increasing from blue
to red. The green profile refers to the original sharp images (a). Zenithal view of flow vectors reconstructed for the same
frame pair analysed at ¢ = 5 (b) and for clear footage (c). Orientation of flow velocity vectors extracted along the purple

line shown in (b) and (c) for highly blurred footage (d) and original images (e).




Velocity profiles comparison - Plan view (R1) - Interrogation patches [96 - 48 pixels]
Image blur
0.1 (Gaussian smoothing)
— - Original (sharp)
E e 0=1
c 0.08 o 0=2
] - 0=3
"'8 - 0=4
] - 0=5
? 0.06 -
o))
o
o
©
o 0.04
O
c
8
2 L
a 0.02
0 | | & 1 | |
0 0.05 0.1 0.15 0.2 0.25
Velocity [m/s]
. TG l7 2 STy, N LA
. Onglnal -‘,’f’:" a’:" “_,’.!’«‘;,?D.» aw\-}
Ny T A
£ R 3 ‘.4A<"_"5»/h":'.
AT QRS SYRRER naT §RE
& A ;A)rf‘( e ,;"[%':
e o : & [ iq“ 'Léo\
' 6 G B g
% AL B A5 A
oL Bk ¥ ALk 2
~ f/‘("“,‘ ) .'l -', .‘jil;“{ &
AT AN LI L
5 .|J.' o b 'f 'r-L, “-}\ ‘
.4" ; '\l'— S 2 :)4.,; «
—> Velocity vectors — Section trace | G ," —> Velocity vectors —— Section trace
Velocity vectors orientation (o = 5) Velocity vectors orientation (Original)
180 ' ' ' ' ' 180 ' '
150t 1 150+
= 1207 112 120}
2 9
© 90 T ® 90
G &
= 60¢ ‘= 60
@) ®)
307 1 307
0 ‘ ' ' ' : 0 ' ' ' ' :
0 0.02 0.04 0.06 0.08 01 0 0.02 0.04 0.06 0.08 0.1
849 d Distance along section [m] e Distance along section [m]

850 Fig. 9 — Surface velocity distributions reconstructed along a reference section from the R1 perspective using a sequence
851 of moving interrogation patches of 96 — 48 pixels in the PIV analysis of the F2 test performed at 6 = 28°. Curves are
852 colour-coded based on the image blur level, expressed by the Gaussian smoothing filter parameter o, increasing from blue
853 to red. The green profile refers to the original sharp images (a). Zenithal view of flow vectors reconstructed for the same
854 frame pair analysed at ¢ = 5 (b) and for clear footage (c). Orientation of flow velocity vectors extracted along the purple
855 line shown in (b) and (c) for highly blurred footage (d) and original images (e).



856

857
858
859
860
861
862
863
864
865

Velocity profiles comparison - Plan view (R7) - Interrogation patches [24 - 12 pixels]
01 F Recording frame rate
' -m- Original (240 fps)
—_ - 120 fps
.g. -~ 80fps
c 0.08 -e- 60 fps (%)
i) -@- 48fps (¥
ks) -e- 30 fps
8 0.06 Interrogation patches
o [96 - 48 pixels]
S -~ Original (240 fps)
© --- 30 fps
8 0.04 | s (*) Vectors directed upstream
=
L
(%)
A 0.02 |-
0 @ 1 @ 1 ® 1 ]
0 0.05 0.1 0.2 0.25
a Velocity [m/s]
BTN T A R %
s EEEE Y Tl e
b e > Velocity vectors — Section trace | C o —> Velocity vectors —— Section trace
Velocity vectors orientation (30 fps) Velocity vectors orientation (Original)
180 ~ : 180 : - : :
135 135
— 90 = 90 e S
§ 4 §
T 0 T 0
= [
D 45 B 45+
O -90 Interrogation patches O -90 Interrogation patches
-135¢} — [24 - 12 pixels] -135 —— [24 - 12 pixels]
--- [96 - 48 pixels] --- [96 - 48 pixels]
-180 -180 : :
0 0.02 0.04 0.06 0.08 0.1 0 0.02 0.04 0.06 0.08 01
m Distance along section [m] e Distance along section [m]

Fig. 10 — Surface velocity distributions reconstructed along a reference section from the R; perspective using a sequence
of moving interrogation patches of 24 — 12 pixels in the PIV analysis of the F2 test performed at 6 = 28°. Curves are
colour-coded based on the recording frame rate, decreasing from blue to red. The green profile refers to the original
images captured at 240 fps. Dashed green and red lines represent the velocity profiles obtained from the original images
and footage undersampled at 30 fps, respectively, using an interrogation patch sequence of 96 — 48 pixels (a). Zenithal
view of flow vectors reconstructed for the same frame pair analysed at 30 fps (b) and 240 fps footage (c). Orientation of
flow velocity vectors extracted along the purple line shown in (b) and (c) for undersampled footage (d) and original
images (e). The dashed black lines represent velocity vector orientations determined along the same section employing

an interrogation patch sequence of 96 — 48 pixels in the PIV analysis.
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Velocity profiles comparison - Plan view (R7) - Interrogation patches [48 - 24 pixels]
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Fig. 11 — Surface velocity distributions reconstructed along a reference section from the R; perspective using a sequence
of moving interrogation patches of 48 — 24 pixels in the PIV analysis of the F2 test performed at 6 = 28°. Curves are
colour-coded based on the recording frame rate, decreasing from blue to red. The green profile refers to the original
images captured at 240 fps (a). Zenithal view of flow vectors reconstructed for the same frame pair analysed at 30 fps (b)
and 240 fps footage (c). Orientation of flow velocity vectors extracted along the purple line shown in (b) and (c) for
undersampled footage (d) and original images (e).
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Velocity profiles comparison - Plan view (R1) - Interrogation patches [96 - 48 pixels]
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Fig. 12 — Surface velocity distributions reconstructed along a reference section from the R; perspective using a sequence
of moving interrogation patches of 96 — 48 pixels in the PIV analysis of the F2 test performed at 8 = 28°. Curves are
colour-coded based on the recording frame rate, decreasing from blue to red. The green profile refers to the original
images captured at 240 fps (a). Zenithal view of flow vectors reconstructed for the same frame pair analysed at 30 fps (b)
and 240 fps footage (c). Orientation of flow velocity vectors extracted along the purple line shown in (b) and (c) for
undersampled footage (d) and original images (e).
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Velocity profiles comparison - Oblique view (R2)
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Fig. 13 — Comparison of the surface velocity distributions obtained from the orthorectified velocity fields from R, non-
zenithal recordings of the F2 test performed at § = 28°, assuming errors in the estimation of distances between control
points of + 5%, 10%, and 15% in the orthorectification procedure. The actual orthorectified velocity profile is shown in
green. The curves grading towards red refer to overestimations, while those grading towards blue indicate
underestimations.



