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RESUME

Les caméras événementielles sont un nouveau type de capteur de vision qui enregistrent de
maniere asynchrone les changements de luminosité avec une précision de 'ordre de la mi-
croseconde. Elles offrent plusieurs avantages par rapport aux systémes traditionnels basés
sur des images, notamment une plage dynamique élevée, une faible consommation d’énergie
et la capacité de capturer des mouvements rapides sans flou de mouvement. Cependant, mal-
gré ces avantages, les caméras événementielles présentent également des limites lorsqu’elles
sont utilisées pour le diagnostic des écoulements fluides, notamment une résolution spatiale
inférieure, une latence de lecture et des contraintes de bande passante limitées par rapport
aux caméras a haute vitesse. Cette these vise a évaluer les performances en termes de latence
et de bande passante des caméras événementielles pour la vélocimétrie par images de partic-
ules (PIV) et a identifier les conditions expérimentales dans lesquelles leurs caractéristiques

uniques peuvent étre exploitées efficacement.

Une série d’expériences a été réalisée avec une illumination laser pulsée, répartie en deux
groupes principaux. La premiere série visait a caractériser les performances de la caméra
en éclairant une cuvette d’eau contenant des particules traceuses a 1’aide d’impulsions laser
uniques. Cette configuration nous a permis d’étudier la réponse du capteur en termes de la-
tence et de bande passante a différents taux d’événements. Nous avons caractérisé ces limites
en analysant la distribution temporelle de la génération d’événements et en reconstruisant des
pseudo-images. A partir de cette analyse, nous avons identifié la limite de bande passante de
la caméra avant que la saturation de lecture ne se produise, soit environ 400 événements /s,
et avons établi une relation claire entre le taux d’événements et la latence. Ces résultats
nous ont permis de définir les conditions optimales pour les applications PIV. Nous avons
également examiné comment la densité d’ensemencement et 1’éclairage affectent la génération
d’événements, révélant ainsi les régimes opérationnels pour lesquels des mesures de vitesse
précises peuvent étre obtenues. D’autres parametres, tels que la taille de I'image des partic-
ules et le seuil de contraste, ont été évalués afin de mieux comprendre leur impact sur les

performances.

La deuxiéme série d’expériences consistait en des mesures PIV avec un éclairage a double
impulsion dans des jets d’air. Les résultats étaient conformes aux directives établies lors des
tests de caractérisation et ont été validés a l'aide d’'une caméra sCMOS comme référence.
Les résultats démontrent que les capteurs événementiels peuvent reconstruire de maniere

fiable des champs de vitesse allant jusqu’a 1.8 m/s (0.03 px/ps). Les densités d’'images de



vii

particules supérieures a 0.018 ppp ont donné des valeurs d’incertitude inférieures a 0.4 px
dans nos conditions spécifiques, ce qui confirme le potentiel des caméras événementielles
comme alternative compacte et économe en énergie aux caméras a grande vitesse dans les

conditions définies.

Ce mémoire établit les limites d’applicabilité des caméras événementielles pour la PIV dans
nos conditions expérimentales spécifiques, tout en reconnaissant que ces limites peuvent varier
en fonction de la région d’'intérét, des parametres de la caméra ou des modeles de matériel,
en particulier & mesure que la technologie continue d’évoluer. En identifiant les seuils de
performance clés pour des mesures de vitesse précises et en analysant comment la généra-
tion d’événements est influencée par les parameétres discutés ci-dessus, ce travail contribue
a l'effort continu visant a adapter I'imagerie événementielle au diagnostic des fluides. Au-
dela des résultats eux-mémes, la méthodologie expérimentale développée ici fournit un cadre
pratique pour évaluer les performances des caméras événementielles dans de nouvelles config-
urations ou avec du matériel différent, facilitant ainsi leur intégration dans des installations

expérimentales de mécanique des fluides.
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ABSTRACT

Event-based cameras are a novel type of vision sensor that asynchronously record changes
in brightness with microsecond precision, offering several advantages over traditional frame-
based systems, including high dynamic range, low power consumption, and the ability to
capture high-speed motion without motion blur. However, despite these benefits, event
cameras also present limitations when applied to fluid flow diagnostics, which includes lower
spatial resolution, readout latency, and limited bandwidth constraints compared to high-
speed cameras. This thesis aims to evaluate the latency and bandwidth performance of
event-based cameras for Particle Image Velocimetry (PIV) and to identify the experimental

conditions under which their unique characteristics can be effectively leveraged.

A series of experiments was conducted using pulsed laser illumination, divided into two main
groups. The first set focused on characterizing the camera’s performance by illuminating
a water cuvette seeded with tracer particles using single laser pulses. This setup allowed
us to study the sensor’s response in terms of latency and bandwidth under varying event
rates. We characterized these limitations by analyzing the temporal distribution of event
generation and reconstructing pseudo-frames. From this analysis, we identified the bandwidth
limit of the camera before readout saturation occurs approximately at 400 events/us and
established a clear relationship between event rate and latency. These findings enabled us
to define optimal conditions for PIV applications. We also examined how seeding density
and illumination affect event generation, revealing operational regimes for which accurate
velocity measurements can be obtained. Additional parameters such as particle image size

and contrast threshold were evaluated to further understand their impact on performance.

The second set of experiments consisted of PIV measurements with double-pulse illumination
in air jets. The results were consistent with the guidelines established in the characteriza-
tion tests and were further validated using a sCMOS camera as a reference. The findings
demonstrate that event-based sensors can reliably reconstruct velocity fields up to 1.8 m/s
(0.03 px/ps). Particle image densities above 0.018 ppp yielded uncertainty values below 0.4
px under our specific conditions, supporting the potential of event cameras as a compact,

energy-efficient alternative to high-speed cameras at the defined conditions.

This thesis establishes the applicability limits of event cameras for PIV under our specific
experimental conditions, while acknowledging that these boundaries may shift with varia-
tions in the region of interest, camera parameters, or hardware models, particularly as the

technology continues to evolve. By identifying key performance thresholds for accurate ve-
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locity measurements and analyzing how event generation is influenced by the parameters
discussed above, this work contributes to the ongoing effort to adapt event-based imaging to
fluid diagnostics. Beyond the results themselves, the experimental methodology developed
here provides a practical framework for evaluating the performance of event cameras in new
configurations or with different hardware, supporting their integration into experimental fluid

mechanics setups.
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CHAPTER 1 INTRODUCTION

1.1 Motivation

Reducing greenhouse gas emissions, for example by improving the efficiency of energy sys-
tems and advancing clean combustion technologies, is among the biggest challenges our so-
ciety faces in tackling climate change and promoting sustainable development. Many of the
processes at the core of these efforts, such as fuel injection, mixing, and combustion, among
others, are governed by complex turbulent flows. In reciprocating engines, gas turbines, and
industrial burners, understanding and controlling these turbulent flows is essential to reducing
pollutant formation and maximizing efficiency. Accurately measuring velocity fields in such
flows is therefore critical for experimental investigations and for validating computational

models that aim to optimize systems performance and reduce emissions.

While various techniques exist for measuring fluid flow velocity [1], one of the most common
is the use of cameras to detect the displacement of particles carried by the flow over a given
time [2,3]. Nowadays, high-speed cameras can be employed for this purpose [4]. However, this
technology is expensive, power-consuming, and requires large storage capacities to save the
captured data. As a result, its use is often limited to applications involving very high-speed

flows or cases where extremely high precision is required.

Event cameras are a new, emerging technology that has the potential to rival traditional high-
speed cameras in a variety of applications, including flow velocity measurements. Its inception
can be traced back to 1989 when a group of researchers from Caltech introduced the concept
of neuromorphic engineering, a field inspired by the architecture of biological neural systems
[5-7]. Their goal was to develop hardware and computational models that mimic the way
the brain processes information, leading to more efficient and adaptive technologies. In the
early 1990s Mahowald and Mead [8] developed a sensor known as “Silicon Retina”. Inspired
by the behavior of the human eye, this sensor marked a breakthrough in computer vision.
Over time, this technology has evolved into what we now know as event cameras. Through
continuous efforts from both academia and industry, event cameras have seen significant
improvements in resolution, pixel size, and bandwidth. Figure 1.1 shows a timeline of various
event camera models and their feature enhancements over the years. This innovative and
disruptive technology offers a more accessible alternative to traditional high-speed cameras.
It is energy-efficient, requires significantly less storage capacity for captured data, and is

much smaller in size, making it portable and easy to install in tight spaces.
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Figure 1.1 Timeline of event camera development (“Meps” denotes millions of events per
second). Adapted from [9-12]

However, the use of cameras extends far beyond fluid flow measurement. Today, cameras play
a key role in many engineering applications involving motion, such as robotics, monitoring
and surveillance, autonomous vehicles, and aerospace navigation. In these scenarios, event
cameras have the potential to play a leading role due to their precise temporal resolution.
Another significant advantage of event cameras is their ability to handle fast motion with
minimal blur and at a lower power consumption. This makes them especially suitable for
battery-powered devices, such as drones and industrial automation systems. Furthermore,
event cameras are significantly more affordable than traditional high-speed cameras, with
costs estimated at approximately one-third for the same spatiotemporal resolution [13]. Ac-
cording to a recent market analysis, the global event camera module market size was valued
at approximately $7.06 billion in 2024 and is expected to grow to nearly $20.29 billion by
2032, with a compound annual growth rate (CAGR) of roughly 14.1% [14]. As a growing
field, it is essential to evaluate how this technology performs across its various potential
applications, where it can contribute as a technological advancement with societal impact,

while also identifying areas for improvement.

In this work, we explore the use of event cameras for fluid flow velocity measurements to
assess their potential as a more accessible and efficient alternative to traditional high-speed
cameras. By characterizing their performance and comparing it to conventional methods, we

aim to define the conditions under which they can be applied in this field. This evaluation of-



fers an opportunity to expand the range of tools available for studying flows and turbulence,
particularly in scenarios where conventional systems fall short, such as in laser-restricted
environments, high dynamic range scenes, or setups constrained by space, or budget. The
low power consumption and portability of event cameras also support the development of
lightweight, energy-efficient measurement systems, well suited for applications like microflu-
idic diagnostics and drone-based measurements. Ultimately, this work contributes to the

growing adoption of event-based sensing in both research and industrial flow diagnostics.

1.2 Fluid Velocimetry

The measurement of fluid flow velocity is a well established area of research, with various
techniques developed to reconstruct velocity vector fields. These techniques typically involve
seeding the fluid with fine particles and illuminating them with a laser to track their motion,
which reveals the flow patterns, both laminar and turbulent. Depending on the particle
image density in the flow, different operating modes are used. From highest to lowest particle
concentration, these modes are: laser speckle velocimetry (LSV), high image density particle
image velocimetry (PIV), and particle tracking velocimetry (PTV) [15], with the latter two
being the most commonly employed. Typical seeding densities for the mentioned operation

modes are shown in Figure 1.2.

(a) PTV (b) PIV

Figure 1.2 Low, medium, and high particle image density for different velocimetry operation
modes. Adapted from [3]

In Particle Image Velocimetry (PIV) mode, tracer particles are seeded into the fluid
flow and illuminated using a short-duration pulsed laser which causes the particles to scatter
light. A camera, synchronized with the laser, captures an image with each laser pulse. The
time delay between pulses is carefully adjusted based on the expected velocity range: shorter

intervals are used for higher velocities, while longer intervals are suitable for lower velocities.



Once a pair of images is acquired, they are compared to detect the displacement of the

particles over the given time interval, allowing the velocity field to be calculated [16,17].

To calculate the velocity, the particle image is divided into small interrogation windows, for
example, 32 x 32 pixels or enough to comply with the quarter rule. This rule states that
the particle displacement should not exceed a quarter of the window size to ensure accurate
cross-correlation results [2]. Cross-correlation is the technique used to identify the position
of the same particles within corresponding interrogation windows in both images, enabling
the measurement of their displacement between successive frames. Finally, by knowing the
time interval between frames and the particle displacement, the velocity components in the
x and y directions can be calculated for a 2D case. Additionally, stereoscopic PIV, which
requires two cameras positioned at different observation angles, captures the out-of-plane z
component of velocity, resulting in the simultaneous acquisition of 3 components of velocity
(x,y,z) in a 2D plane. Tomographic PIV requires 3 or 4 cameras to capture 3 components
of velocity (x,y,z) in a 3D volume [18]. Figure 1.3 shows a commonly used experimental

arrangement for planar PIV.
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Figure 1.3 Typical PIV set-up for 2D PIV in a wind tunnel [3]
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On the other hand, Particle Tracking Velocimetry (PTV) is a Lagrangian velocity
measurement technique rather than an Eulerian technique as in PIV. In this method, particles
are illuminated using either a pulsed laser or a continuous light source. The camera records
a sequence of consecutive frames at constant temporal intervals, creating an image sequence

that tracks the movement of particles over time. Unlike PIV, which captures pairs of images



separated by a short time delay, PTV tracks particles across multiple successive frames,
allowing for the reconstruction of their trajectories. As shown in Figure 1.2, the particle
seeding density is significantly lower than in PIV, ensuring that the particles remain well-
separated and do not overlap in the images. As a result, individual particles are tracked
directly, rather than relying on cross-correlation techniques as in PIV [19]. However, this
methodology is less suitable for turbulent flows or cases requiring the identification of fine
flow structures or high spatial resolution. Due to the lower particle image density, fewer
velocity vectors or particle tracks are available, making it more challenging to resolve both

large and small scale structures in the flow field [3].

When the particle image density is very high (typically with a source density N, > 1 which
is the expected fraction of the image plane covered by particle images [2]), individual particle
images overlap and produce interference patterns known as speckle. This condition defines
the Laser Speckle Velocimetry (LSV) regime. However, speckles tend to change their
appearance when the displacement is large, which can lead to image decorrelation and make

the evaluation more difficult [3].

1.3 Frame-Based Cameras

Conventional imaging systems used in most applications capture full images (frames) at fixed
time intervals. These frame-based cameras are equipped with a lens that focuses light onto
the sensor of the camera, which consists of a 2D array of pixels. Each pixel in the sensor
contains a photodetector that measures the intensity of the incoming light and converts it
into an electrical signal, which is later transformed into a digital value used to construct the
final image. Every time the camera takes a picture, the shutter opens for a specified exposure
time, allowing light to reach the sensor. Once the exposure ends, the shutter closes, and the
data from the sensor is transferred to the memory during a process called readout [20]. The

data is collected synchronously from all pixels to form an image, as shown in Figure 1.4.

During the readout process, the sensor is temporarily unable to capture new information,
leading to a potential loss of data, particularly if motion or significant changes occur in the
camera’s field of view during this period. As shown in Figure 1.4, each frame is captured
during an exposure window when the shutter is open and light is collected. After each
exposure, there is a brief period of time when the shutter is closed, and the sensor is reading
out the data. During this time, no new light information is being recorded. These intervals
between exposures create temporal gaps between frames, which can result in motion being

missed or inaccuracies, especially when tracking fast-moving objects [22,23].
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Figure 1.4 Principle of operation of a frame-based camera. Adapted From [21]

The frequency at which frames are captured and read out is called the frame rate, measured
in frames per second (fps). This parameter is critical for image clarity and motion precision.
The frame rate is typically fixed, and it limits the camera’s ability to resolve fast-moving
scenes, as the performance of the sensor is constrained by the frame rate rather than the

dynamics of the observed scene [22].

Another important parameter in frame-based imaging is the exposure time, which directly
affects image sharpness. It refers to the duration the sensor collects light during each frame.
When an object moves significantly during this period, the resulting image can appear blurry.
Using shorter exposure times helps to minimize this effect, producing sharper images of fast-

moving objects [20].

Although short exposure times are not inherently tied to high frame rates, high-speed cameras
typically use both high frame rates and short exposures to capture fast motion effectively.
At high frame rates, the maximum allowable exposure time per frame is limited by the frame
rate. For instance at 1000 fps the maximum exposure time is 1 ms. Often, high speed
camera manufacturers set the exposure time by default within the control software, however

acquisition rate and exposure time are two distinct concepts.

Figure 1.5 shows an example of how decreasing the exposure time as the frame rate increases

leads to reduced motion blur and therefore improves the sharpness of a fast-moving object.

A major limitation of frame-based cameras is that all pixels capture information simulta-
neously, which leads to data redundancy. For example, in Figure 1.4, the static sky region
appears identical across multiple frames, but the camera records this unchanging scene re-
peatedly, consuming memory unnecessarily. This inefficiency becomes especially problematic
when only small portions of the scene are dynamic while most of the image remains static,

leading to inefficient use of storage and processing resources.



(a) Exposure time < Ims  (b) Exposure time < 0.5ms (¢) Exposure time < 0.25ms
1000 fps 2000 fps 4000 fps

Figure 1.5 Impact of exposure time on motion blur during high-speed imaging of a target
rotating at 25 Hz. The sharpness improves with decreasing exposure time from (a) < 1 ms
to (b) < 0.5 ms to (¢) < 0.25 ms. Adapted from [20]

1.4 Event-Based Cameras

The creation of event-based cameras was motivated by the limitations of conventional frame-
based systems and the efficiency of biological vision. Unlike conventional cameras, which
capture entire frames at fixed intervals, event cameras are inspired by the way the human
retina processes information by detecting changes in light intensity at each pixel indepen-

dently. This bio-inspired approach offers several advantages.

1.4.1 Bio-Inspired Design and Principle of Operation

According to Mead (1990) [7], biological systems process information more efficiently by
using relative variations in analog signals instead of the absolute values of digital signals.
This principle, applied to neuromorphic circuits, makes them significantly more efficient in
terms of both power and the amount of silicon material usage, which translates into lower
production and operational costs. Experimental results have shown that adaptive analog
systems can consume up to 10,000 times less power and require 100 times less silicon area

than comparable digital systems, while also being more resistant to component degradation.

In Figure 1.6 we observe the circuit of an event camera pixel and how it compared to its
biological inspiration, the human retina. The circuit consists of three main sections, each

one corresponds to a stage of the retina’s processing pathway:

1. Photoreceptor Stage: In the biological retina, rods and cones detect incoming light
and convert it into electrical signals. Similarly, in an event camera, light intensity

is detected by a photodiode, which generates a photocurrent (/,,). This current is
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Figure 1.6 Event camera pixel circuit compared to human retina. Adapted from [24]

then converted into a voltage (Vig) that is proportional to the logarithm of the light

intensity.

2. Contrast Detection Stage: In the retina, bipolar cells receive signals from the pho-
toreceptors and detect contrast by comparing their signals with those of surrounding
cells. ON bipolar cells activate in response to brightening, while OFF bipolar cells
activate in response to darkening. In the event camera circuit, this contrast detec-
tion is performed by an amplifier (A), which processes the voltage received from the

photoreceptor and compares it to a reference level (Vyig).

3. Spike Generation and Transmission: In the retina, ON and OFF ganglion cells
receive input from their respective bipolar cells and send spike signals through the
optic nerve to the brain. Similarly, in the event camera circuit, ON and OFF events
are generated when the light intensity increases or decreases, respectively. These events
are transmitted via a handshake protocol, where the request (Req) and acknowledgment
(Ack) signals ensure reliable data transfer, similar to how ganglion cells transmit spikes

to the visual cortex [24].

A temporal intensity contrast C'(t) is defined as:

 InI(t) —Ini(t,)
B InI(t,)

C(?)



where /() is the intensity in the current time and /(¢,) the intensity at the previous event [25].

The event-camera user specifies a contrast threshold Cipg to which is compared C(t) (this
is equivalent to specifying Vyg in Figure 1.6). If C'(¢) > Cing, an ON event is generated. If
C(t) < —Cina, an OFF event is generated. A sequence of such events on a In I(t) vs. ¢ plot

is shown in Figure 1.7.
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Figure 1.7 Principle of event generation in an event camera [26]

Each event is represented by four columns:

the x position of the pixel where the event was triggered,
o the y position of the pixel where the event was triggered,

o the timestamp in microseconds (ps), indicating the precise moment the event occurred,

and

o the polarity, which specifies the direction of the light change: 1 for a positive change
(ON event) and 0 for a negative change (OFF event).

The theoretical temporal precision of event camera pixels is 1 ps, meaning the photoreceptor
samples the light intensity every 1 jis and generates a corresponding voltage signal. However,
this does not mean that an event is triggered every microsecond; an event is only generated
if the contrast threshold condition is met. In contrast, frame-based cameras have a fixed
temporal resolution determined by their frame rate, capturing and storing images at regular

intervals, even when no changes occur in the scene.

Figure 1.8 illustrates the output from both types of cameras when recording the same scene.

In traditional imaging, the output consists of frames, while the event camera generates ON
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Figure 1.8 Visual comparison between the output of a conventional frame-based camera (top)
and an event-based camera (bottom) tracking a fast-moving object. Adapted From [21]

(red) and OFF (blue) events. Events are displayed in spatio-temporal space, where both the
position and time of occurrence are represented, whereas frames are shown in 2D space, only

capturing spatial information at fixed time intervals.

Due to these differences in output format, one of the main challenges of event cameras
is developing techniques for high-level processing of event-based data, a field that is still
evolving [27]. Nevertheless, research into event camera sensors and their application scope

has been steadily growing over the years [28].

The previously described characteristics of event cameras give them several advantages over

frame-based cameras, including:

o« Low power consumption: Event cameras avoid redundant data collection by only
processing active pixels where changes in illumination occur. This selective processing
significantly reduces power usage compared to frame-based cameras, which capture and

process entire frames regardless of changes.

« High dynamic range (HDR): Event cameras can simultaneously detect both bright
and dark stimuli within the same scene, offering a significantly higher dynamic range
than traditional cameras. While standard cameras typically have a dynamic range of
around 60 dB, event cameras can achieve values exceeding 120 dB [28], ensuring robust

perception in challenging lighting conditions.

e Microsecond temporal resolution: Event cameras operate with a 1 MHz clock,

enabling them to capture events with microsecond precision. This capability makes
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them highly effective for recording high-speed motion, as they can detect rapid changes

with minimal temporal delay.

e« No motion blur: Since event cameras capture information asynchronously and in-
stantly upon detecting changes, they are immune to motion blur. In contrast, frame-
based cameras are prone to blur when objects move significantly during a single expo-

sure.

Depending on the application, some features such as latency may be either advantageous or
limiting, especially when compared to high-speed cameras used in fluid diagnostics. In this

context we find the following limitations:

e Resolution: Recent event camera models offer a maximum spatial resolution of 1280
X 720 pixels [29], which is generally lower than most high-speed cameras. This can
limit the ability to resolve the finer spatial length scales in complex flows, which is
particularly important for quantitative measurements in experimental fluid mechanics

such as Particle Image Velocimetry (PIV) or Particle Tracking Velocimetry (PTV).

o Latency: Although event cameras offer microsecond-level temporal resolution, the ac-
tual latency, which is the time between event detection and readout, is constrained by
the camera’s internal architecture and scene being recorded. For many models, this
readout latency is roughly 200 ps [29], but it can vary considerably depending on the
experimental conditions, as demonstrated in [30]. While acceptable in many robotics
and surveillance tasks, this latency can be a drawback in experimental fluid velocime-
try, where conventional high-speed cameras offer lower latency and more consistent

acquisition timing.

« Bandwidth: Event cameras have a limited capacity to process events per unit of
time. According to manufacturers, modern sensors can handle up to 1066 Mevps (mil-
lion events per second) [28]. However, bandwidth can become a limiting factor when
handling “busy scenes” [9], which is when a scene generates a high volume of events in a
short period, for example, during a PIV recording with high particle image density. In
such cases, the bandwidth limit may be exceeded, leading to saturation effects, which

manifest as data loss, specifically missing rows of data.

1.4.2 Read-out Process

Latency and bandwidth limitations in event cameras are linked to the readout architecture

of the sensor, which is illustrated in Figure 1.9. This figure presents a simplified schematic of
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the chip block diagram showing the readout system for a 1280 x 720 pixel array, proposed
by Finateu et al. [12]. It shows how individual events are propagated through a chain of

interfaces before reaching the digital output pipeline.

1280 x 720 pixel array
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Figure 1.9 Chip block diagram illustrating the readout architecture of an event camera [12]

When a pixel generates an event, it sends a row request signal (reqY) to the Y-interface,
which is composed by the Y-address encoder and row selection blocks in Figure 1.9, to
initiate processing for its row. The Y-interface contains an arbiter, which manages the
incoming requests following the first in, first out (FIFO) principle, ensuring that events are
processed in the order they arrive. Once the request is granted, the Y-interface activates
a scanning signal for the selected row (ackY). During this step, all pixels in the selected
row can send an X-request if they have detected an event, either ON (reqX ON) or OFF
(regX OFF), depending on the event’s polarity, indicating its X-address. The signals from
the Y address (row being processed), along with all the X-address (active pixels in that row)
are collected by the interface cells and then transferred to the Event signal processing (ESP)
digital pipeline, where they are assigned a timestamp. Because the row is processed as a
unit, all events scanned at that time within that row share the same timestamp. Finally, the

process repeats, moving on to the next row for event readout.
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Since rows are processed sequentially, meaning that pixels in other rows must wait before
their events are read out. When many events occur simultaneously, this waiting time in-
creases, which can be observed in the timestamps of rows that waited for a long time to be
processed. This effect, known as readout delay or latency, is the time between when an
event is generated and when it is actually recorded, and is the first limitation identified in

the readout of event cameras.

When the number of events occurring simultaneously exceeds a threshold known as the
bandwidth, the camera becomes unable to process all the events, leading to data loss.
This constitutes the second limitation identified in the readout system. Since the readout
is performed row by row, as previously described, this data loss manifests as missing or

unprocessed rows, an effect often referred to as readout saturation.

In the latest sensor generations, significant improvements have been achieved [29], with re-
duced latency and increased bandwidth, and further advancements are expected to continue

addressing these limitations in future designs.

1.5 Particle Velocimetry with Event-Based Cameras

This section presents a comprehensive review of the main studies on event-based particle
velocimetry, covering both particle image velocimetry (PIV) and particle tracking velocimetry
(PTV) approaches. The works are organized by methodological similarities, highlighting the
evolution of techniques, camera technologies, and experimental strategies. For each group, we
examine the methodology, achievements, and limitations. This analysis not only traces the
development of event-based velocimetry but also identifies current challenges and emerging
trends in the field.

Table 1.1 provides a summary of all the studies that will be covered in this section, with an

overview of the test conditions and key details of each experimental setup.

Table 1.1 Event-Based Particle Velocimetry Summary

Authors Camera Flow Type | Velocity | Seeding Illumination

range

Validation

Planar Event-Based Particle Tracking Velocimetry

Drazen et al. | DVS128 Turbulent - | 0.22  to | 950 pm | 5W  Innova | Photron

2011 [31] Water 2.04 m/s | polystyrene | 300C multi- | Ultima
particles - | line argon-ion | APX frame
1.02 g/cm? laser camera
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Howell et al. | CSD3SHCD | Laminar - | 0.04 to | 1 and 10 pm | Fluorescence | DinoLite
2020 [32] Prophesee Phosphate- 1.54 m/s | fluorescent microscope frame-based
buffered polystyrene standard camera
saline  solu- beads - | illumination
tion 1x10* - 5x
10° beads/mL
3D Event-Based Particle Tracking Velocimetry
Borer et al. | DVS128 Not specified | 0.5 to 17 | Milimeter- LED lamps -
2017 [33] - Air m/s sized helium-
filled  soap
bubbles - 10
bubbles/s
Wang et al. | PEK3SHEM | Not specified | 5 to 20 | 90 to 106 pm | Collimated Synthetic
2020 [34] Sensor: - Water rad/s polyethylene | light data  with
CSD3SVCD simu- microspheres known
Prophesee lated - 0.006 to ground truth
data and | 0.03 PPP motion fields
0.3 - 72.4 | simulated
mm/s data
exp.
Rusch et | Not specified | Turbulent - | 5 to 60 | Helium-filled | LED arrays -
Rosgen Air m/s soap bubbles
2023 [35]
Willert et | EVK4 Turbulent 5.2 to 10 | 1-2 pm | 5 kHz pulsed | Direct Nu-
Klinner Prophe- boundary m/s water-based | laser  (Inno- | merical
2025 [36] see, Sensor: | layer - Air tracer parti- | las/Iradion Simulations
IMX636 cles Nanio-Air (DNS)
Sony 532-10-V-SP)
Event-Based Particle Image Velocimetry (PIV)
Willert et | SilkyEvCam| Turbulent - | Up to 1.5 | 10 pm silver | Continuous- -
Klinner PPS3MVCD | Water and | m/s coated glass | wave  laser
2022 [25] Prophe- Air spheres and | (Kvant Laser,
see and 1 pm parafin | 4-5.6 W, 520
EVK2-HD droplets nm)

Prophesee
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Willert 2023 | EVK2-HD Laminar and | 1.5 to 3 | 10 pm silver | 5.2 W, 450 | PixelFly-
[37] Prophesee Turbulent - | m/s coated glass | nm laser | PIV  frame
Gen 4 Water and spheres - | pulsed at 500 | camera
Air 0.0033 to | Hz—20  kHz
0.0153 ppp (NEJE Tool
E30130)
Raffel et al. | EVK2 Not specified | 1 m/s 1 pm paraffin | 50 nm pulsed | -
2024 [38] Prophesee - Air droplets laser (NEJE
Tool E30130)
at b kHz
Franceschelli | EVK4-HD Turbulent - | 0.13 and | Polyamide Pulsed Andor Zyla
et al. | Prophe- Water and | 2.8 m/s particles LaserTree sCMOS
2025 [39] see, Sensor: | Air and paraffin | LT-40W-AA | camera
IMX636 droplets and  Phan-
Sony tom T4040
camera
Cao et al. | EVK4 Laminar and | 1 m/s 50 pm | 532 nm | DaHeng
2025 [30] Prophesee Turbulent - polyamide pulsed laser frame-based
Water particles - camera
0.0102 ppp
and from
0.004 to
0.06 pPPP
(simulated
data)
New Developments in Event-Based Velocimetry
AlSattam et | EVK2 Not specified | 0 to 50k | 0.03 ppp Continuous Synthetic
al. 2024 [40] | Prophesee - Water px/s sim- light laser data  with
ulated known
data and ground truth
0.28 m/s motion fields

exp.
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AlSattam et | EVK2 Not specified | 0 to 50k | 0.03 ppp Continuous Synthetic
al. 2024 [41] | Prophesee - Water px/s sim- light laser data  with
ulated known
data and ground truth
0.28 m/s motion fields
exp.
Zeng et al. | EVK4-HD Not specified | 0.22 m/s | 50 pm | Dual-laser High-speed
2025 [42] Prophesee (Re = 4400) polyamide setup (450 | PCO CMOS
- Water particles - | nm pulsed @ | camera
0.0016 and | 2 kHz + 532
0.0063 ppp nm CW)

1.5.1 Planar Event-Based Particle Tracking Velocimetry

The first demonstrations of the use of event cameras for velocimetry were focused on particle
tracking. The pioneering work by Drazen et al. (2011) [31] presented a proof of concept
study to demonstrate the feasibility of using event cameras for tracking particles in fluid
flows using a DVS 128 camera. In their experiment, a single event camera observed water
flow inside a pipe, seeded with 950 pm polystyrene particles. The illumination was provided
by a 5 W Innova 300C multiline argon-ion laser and the tested flow velocities ranged from
0.22 m/s to 2.04 m/s, corresponding to Reynolds numbers (Re) between 11950 and 108780.
The camera’s performance was validated using a conventional high-speed Photron Ultima
APX frame camera. A key observation was that the event camera required relatively high
contrast for effective detection, which led to missed low-contrast particles. Nevertheless, the
spatial accuracy of the tracked particle positions was consistent with that of the frame-based
system. A significant advantage was the reduced data size, with only 840 kB recorded for a
6-second event stream compared to 120 MB (or 0.7%) from conventional imaging.

Howell et al. (2020) [32] extended event-based PTV to microfluidic applications. They
used a CSD3SHCD Prophesee camera mounted on a fluorescence microscope with standard
illumination to track a flow seeded with fluorescent polystyrene beads in a phosphate-buffered
saline solution within a spiral microfluidic channel. The tested velocities ranged from 0.04
to 1.54 m/s (Re = 4 - 159) and for validation they used a DinoLite frame-based camera.
Particle detection was demonstrated up to 1.54 m/s and good tracking performance up to 0.4
m/s using a Kalman filter combined with the Munkres algorithm. The study demonstrated
compatibility of event cameras with microscopy setups, but also pointed to the need for
improved processing frameworks tailored for microfluidic conditions. Together, these studies

laid the foundation for applying event-based sensors in both macro- and micro-scale PTV,
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while highlighting key challenges such as contrast requirements, velocity limits for tracking,

and algorithmic development needs.

1.5.2 3D Event-Based Particle Tracking Velocimetry

Several studies have extended event-based particle tracking to three dimensions using syn-
chronized multi-camera setups. Among the earliest, Borer et al. (2017) [33] demonstrated
3D tracking using three synchronized DVS128 event cameras observing an Ahmed body (a
simplified car-shaped model) in a wind tunnel seeded with helium-filled soap bubbles. The
illumination was provided by LED lamps, and the detected air velocities ranged from 0.5 to
17 m/s. They identified the need for a pre-filtering step to reduce noise in the event data
and developed a custom pre-processing method to address it. The key contribution was the
implementation of an extended Kalman filter for 3D particle tracking and flow visualization.
However, they noted that higher flow velocities reduced the number of events per track due
to pixel dead-time, ultimately decreasing track quality and limiting seeding density.
Similarly targeting 3D flow tracking but under more controlled conditions, Wang et al.
(2020) [34] developed and validated a stereco PTV method using two synchronized event
cameras. The method was first validated using synthetic data where rigid-body-like vortices
were simulated for various angular velocities and particle densities. The method was also
tested experimentally, using two PEK3SHEM Prophesee cameras set at a 60° angle. Their
experimental setup involved a hexagonal water tank seeded with polyethylene microspheres
and illuminated by a collimated light. Two types of flows were tested: vortices generated
by a magnetic stirring rod and fluid injections using a syringe. The system handled a wide
range of particle densities and flow velocities, 5-20 rad/s in synthetic simulations and 0.3-
72.4 mm/s in experiments and achieved full 3D flow and velocity reconstruction with high
temporal resolution, enabling visualization of complex flow structures. However, the method
was limited by the low spatial resolution of current event cameras and bandwidth saturation
at high flow speeds, which caused the system to fail when the vortex speed exceeded a certain
threshold, not quantified by the authors.

Building on real-time capabilities, Rusch and Rosgen (2023) [35] introduced the TrackAER
method, enabling real-time 3D PTV and flow visualization using multiple event cameras.
Their experimental campaign included airflow around a car, a turbulent free jet, and wake
measurements behind a delta wing model. All setups were seeded with helium-filled soap
bubbles and illuminated using LED arrays. The method successfully captured complex vortex
structures and transient flow behaviors in three dimensions. Velocity measurements from 5
to 60 m/s were achieved with an error margin of +0.75-1.75%. However, at flow speeds above

60 m/s, tracer signal weakening reduced data quality, limiting performance and leading to
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reconstruction failures.

All the studies discussed so far employed LED or continuous light sources for illumination,
avoiding the use of lasers. This makes them particularly suitable for environments where
laser usage is restricted or undesirable. In contrast, Willert and Klinner (2025) [36] advanced
the state-of-the-art by implementing 3D Lagrangian Particle Tracking using pulsed laser
illumination at 5 kHz. Three synchronized EVK4 cameras were used to study near-wall
turbulent boundary layers in a wind tunnel at velocities of 5.2, 7.5, and 10 m/s seeded with
1-2 pm water-based tracers. Their setup achieved strong agreement with direct numerical
simulations (DNS) in terms of wall shear stress statistics at similar Reynolds numbers, with
optimal data quality observed at event rates of 8-12 x 10° events/s. Despite this success,
high seeding densities degraded tracking accuracy, and spanwise wall-shear fluctuations were

slightly underestimated due to sampling limitations near the wall.

1.5.3 Event-Based Particle Image Velocimetry

Several recent studies have extended the application of event cameras to Particle Image Ve-
locimetry (PIV) which has progressed from early feasibility studies to detailed assessments of
resolution, accuracy, and operational limitations. Willert and Klinner (2022) [25] contributed
a comparative analysis of three event-based image velocimetry (EBIV) techniques: motion
compensation, sum-of-correlation, and event-based PIV, the latter involving the reconstruc-
tion of pseudo-frames from event data for conventional PIV processing. Their experiments
included a water tank with recirculating turbulent flow seeded with silver-coated glass spheres
and a wind tunnel operating at 1.5 m/s (Re = 1400) seeded with 1 pm paraffin droplets.
[lumination was provided by a continuous-wave laser (4-5.6 W, 520 nm) forming a 1 mm
light sheet. They found a good agreement between the three EBIV techniques results with
differences on the order of 0.1 pixels/ms. Importantly, they found reliable velocity detection
up to 50,000 px/s and 50 x 10° events/s. However, in low-velocity regions, EBIV performance
degraded due to insufficient event generation. Although temporal intensity variations such as
flickering are generally undesirable, the authors suggest they might be repurposed to improve
visibility of slow-moving particles.

Building on these insights, Willert (2023) [37] introduced pulsed illumination which addresses
the limitation of low event generation in quiescent flow regions. The study evaluated pulsed-
event-based image velocimetry (pulsed-EBIV) using the EVK2-HD prophesee camera in two
experimental setups: a submerged water jet at 1.5 m/s seeded with coated glass spheres,
and a wind tunnel test involving laminar and turbulent boundary layers over a square rib
at 2 m/s. Seeding densities from 0.003 to 0.015 particles per pixel (ppp) were tested across

different regions of interest. Illumination was provided by a 5.2 W, 450 nm pulsed laser
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(NEJE Tool E30130) operated at frequencies ranging from 500 Hz to 20 kHz. A frame-
based camera (PixelFly-PIV) was used for comparison. Pulsed-EBIV produced velocity fields
comparable to those from traditional PIV. Pulsed illumination was found to reduce latency
effects enabling clear separation of successive flow fields and enhanced event generation from
stationary or slow-moving particles. Most events were captured within 150-200 ps, enabling
reliable measurements at 5—7 kHz. Pulsed operation allowed velocity measurements beyond
200,000 px/s (e.g., 20 px displacement @ 10 kHz). However, the method is constrained by the
sensor bandwidth, which experienced saturation with event rates beyond ~40 Mev/s which
can result in either limited resolution or particle image density.

Raffel et al. (2024) [38] explored the benefits of event-based sensing for PIV under in-line
illumination conditions. They used an EVK camera to test a bluff-body wake in air at 3.5
m/s seeded with paraffin droplets and a 450 nm pulsed laser operating at 5 kHz. The camera
system, which incorporated a light trap in front of the lens, demonstrated that event-based
imaging could significantly extend the range of resolved flow length scale while reducing
illumination requirements due to the high sensitivity of the sensor.

In a complementary direction to EBIV applications, Franceschelli et al. (2025) [39] evaluated
the potential of event cameras for capturing low-order modes (dominant flow structures) in
turbulent flows via EBIV. They performed two experiments: a submerged water jet at 0.13
m/s seeded with polyamide particles and illuminated by a pulsed LaserTree LT-40W-AA and
a channel airflow at 2.8 m /s around a square rib seeded with paraffin droplets and illuminated
by a high-speed pulsed laser. Validation was performed against an Andor Zyla sCMOS and
a Phantom T4040 camera, respectively. Their results showed that EBIV accurately captured
flow statistics and dominant structures, despite higher noise levels compared to PIV. This
noise led to increased total energy content and discrepancies at high frequencies, although
low-order modes remained minimally affected. Notably, peak locking was observed due to
the binary nature of pseudo-images, which limits sub-pixel resolution.

Finally, Cao et al. (2025) [30] studied the impact of particle size and concentration on EBIV
acquisition rate using a digital micro-mirror device to simulate particles with constant-speed
displacements. They used a beam splitter to enable both EVK4 Prophesee event camera
and DaHeng frame-based camera to observe the same field of view (FOV). In addition to the
simulated particles tests, a validation experiment was conducted using a water jet experiment
in a tank seeded with 50 pm polyamide particles. Their findings provided practical guidelines
for selecting particle size and concentration to minimize velocity uncertainty. Results showed
that increasing particle size and concentration led to higher event rates and longer readout
delays. However, for concentrations above 0.03 ppp, the readout delay stabilized around 420

ps, limiting the acquisition rate to 2.4 kHz. Beyond this threshold, a noticeable reduction in
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event density was observed in certain rows, attributed to event overflow or sensor saturation.
Despite these limitations, the experimental validation demonstrated that flow structures can
be clearly captured at 4 kHz, and the flow fields reconstructed through the event-based
camera showed good agreement with those from the frame-based PIV at 125 Hz, with a
mean velocity uncertainty of 1.15%.

Together, these studies confirm the suitability of event cameras for PIV applications, espe-
cially when paired with pulsed illumination to mitigate latency and improve visibility. They
also highlight challenges such as sensitivity to noise, readout delays at high particle concentra-
tions, and lack of subpixel accuracy due to the binary nature of pseudo-images reconstructed

from event data.

1.5.4 New Developments in Event-Based Particle Velocimetry

Recent efforts have explored strategies aimed at improving the accuracy and robustness of
event-based velocimetry. AlSattam et al. (2024) [40,41] proposed Particle Event Velocimetry
(PEV), an approach that estimates the flow field by detecting particle events in the asyn-
chronous stream and tracking their trajectories over time. Unlike conventional frame-based
PIV/PTV or earlier event-based PIV approaches, PEV achieves higher spatial resolution
limited only by particle image density while also offering increased noise resilience.

Their initial study [40] validated the method using both synthetic and experimental data.
The synthetic dataset modeled a forced vortex at 0.03 ppp with velocities up to 50,000 px/s,
allowing quantitative comparisons with other event based and frame based methods. Exper-
imentally, the method was tested in a horizontal water tunnel operating at 0.28 m/s under
continuous laser illumination. PEV showed strong noise robustness and high accuracy in
boundaries and flow curvatures. Particle velocities from 10 to 50,000 px/s were successfully
reconstructed and outperformed other event-based algorithms in velocity reconstruction. The
authors also emphasized its cost-effectiveness compared to traditional PIV/PTV setups, re-
quiring less complex hardware. However, the method is unsuitable for real-time applications
due to its non-causal design, which relies on processing future information to estimate current
flow.

In a follow-up study, the same authors introduced a Kalman Filter-based variant of the algo-
rithm (KF-PEV) [41], designed as a causal framework to overcome the non-causal limitations
of the original method. The performance of this version was compared with their original
PEV approach and other velocimetry methods using both synthetic data and experiments
involving a horizontal water tunnel with an SD7003 airfoil at 0.28 m/s, tested at 0° and
—8° angles of attack. KF-PEV achieved the most accurate and stable velocity reconstruc-

tions among the compared methods and produced denser velocity fields than the original
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PEV. However, increased particle density introduced greater computational complexity and
susceptibility to tracking errors. While KF-PEV enhanced robustness and marked a signif-
icant advance toward real-time, high-resolution event-based velocimetry, its implementation
in practical scenarios is still constrained by computational cost, an aspect the authors intend
to address in future developments.

In contrast to the previous approaches, which rely exclusively on event-based tracking, Zeng et
al. (2025) [42] explored a hybrid method that combines both event and frame data to enhance
particle tracking performance. They proposed a temporally adaptive PTV approach (TA-E-
PTV) that fuses asynchronous data from an EVK4-HD event camera with synchronous frames
from a 125 Hz DaHeng camera. The goal was to leverage the event camera’s high temporal
resolution while using the frame-based data to support particle detection and matching. The
method was tested on a free jet in a water tank (Re = 4400) seeded with polyamide particles.
To illuminate the field of view they used a dual laser set-up consisting in a 450 nm pulsed
laser at 2 kHz and a 532 nm continuous-wave laser. A high-speed frame-based camera was
used for reference validation. TA-E-PTV achieved effective temporal resolutions of up to
13.89 kHz at a seeding density of 0.0016 ppp and 7.69 kHz at 0.0063 ppp, with velocity
estimates differing by less than 6% from the high-speed reference camera. This study offers a
low-cost, high-precision alternative for particle velocimetry, and was shown to be particularly

effective in flows with strong velocity gradients.

1.6 Research Scope

1.6.1 Knowledge Gap

In fluid velocimetry using event cameras, bandwidth and latency have been identified as
the main limitations for measuring complex flows, particularly at high velocities and high
particle image densities. Manufacturers have defined theoretical limits for these parameters,
but these do not always reflect the actual behavior of event cameras in real experimental
conditions. Some authors have identified specific event rate limits (e.g., C. Willert estimates
40-50 MEPS [25, 37]), yet according to manufacturers, these limits can vary significantly
depending on multiple experimental factors like illumination, number of active pixels in the
region of interest (ROI), spatial distribution events, camera orientation, focus adjustment,
and other conditions [43].

Pulsed-PIV with event cameras has emerged as a promising alternative for velocity measure-
ments in flows, as it does not require major modifications to traditional PIV methodology.
Instead, just one additional processing step, which is to convert event-based data into pseudo-
frames, is needed. This makes pulsed-EBIV, as it is referred to by the research community,

a viable option for integrating event cameras into experimental fluid dynamics. However,
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to effectively implement this approach, it is crucial to first characterize key experimental
parameters that influence measurement uncertainty.

One such factor is the time between laser pulses, which determines the temporal resolution of
the system and the dynamic velocity range that can be captured through PIV. This resolution
is constrained by the readout latency of the camera, a parameter that has already been
identified as dependent on the event rate (the number of events generated per microsecond).
Another factor is the particle image density, which strongly influences the quality of the
reconstructed velocity field and can be limited by the bandwidth of the camera.

In addition to these factors, other parameters influence the event rate, which impact latency
and consume the available bandwidth in event-based PIV measurements. These include laser
fluence, which affects particle contrast; particle image size, which depends on seeding and
optics; and the camera’s contrast threshold, which controls sensitivity to intensity changes.
The study of experimental fluid dynamics using pulsed PIV with event cameras strongly
requires a systematic evaluation of these parameters to better define their practical operating

limits.

1.6.2 Research Objectives

The objective of this research is to develop a methodology to evaluate the performance of
event-based cameras in measuring velocity in fluid flows using Particle Image Velocimetry
(PIV). This study aims to establish the experimental conditions under which event cameras
can be effectively used for PIV and define their limitations in terms of event rate, temporal
resolution, and velocity measurement capabilities. The specific objectives of this research

are:

1. Design and implement an experimental setup to characterize how latency and band-
width affect the maximum event rate and temporal resolution achievable with an event

camera.

2. Establish practical guidelines for users by determining the maximum event rate for
a given velocity range and identifying the highest measurable velocity based on the

camera’s specifications.

3. Demonstrate the applicability of event cameras for velocity measurements in different
types of fluid flows and compare their performance against conventional frame-based

PIV cameras.

4. Investigate the influence of key PIV setup parameters—such as laser energy, particle

image density, and particle image size—on the accuracy and reliability of event camera
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measurements.

1.6.3 Structure of the Thesis

To achieve the proposed objectives, this thesis follows a paper-based format. The core of
this work is presented in the research paper titled “An Evaluation of Event-Based Cameras
for Particle Image Velocimetry”, which is included as a dedicated chapter under the same
name. This paper provides a comprehensive study on the performance of event cameras for
PIV, detailing the experimental methods, data analysis, and key findings. The final chapter
presents the conclusions, summarizing the main contributions of this work and outlining

potential directions for future research.
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Abstract

Event-based cameras are dynamic vision sensors that provide a unique imaging approach,
which differs from conventional frame-based cameras; they operate each pixel independently
and only output a signal for changes in light intensity exceeding a user set threshold. High
data efficiency is one of the advantages of this new technology, which is very attractive
for applications that involve sparse/discrete signals like particle image velocimetry (PIV).
Previous studies have demonstrated the application of event cameras in conventional pulsed
PIV measurements, yet the impact of key hardware limitations in the state-of-the-art event
cameras, specifically, latency and data bandwidth, on the velocity dynamic range has not been
thoroughly investigated. In the first part of this study, we investigate the role of latency and
information loss due to the bandwidth limit of the event camera on temporal resolution for
pulsed PIV. We also study systematically the effects of the laser pulse energy, particle image

density, particle image size and event triggering contrast threshold, by running single-pulse



25

planar illumination in a uniformly seeded water cuvette. In the second part, double-pulse
event-based PIV is conducted in an air jet, in order to investigate the velocity dynamic range
that can be achieved by the event camera. For all the experiments, an sCMOs PIV camera
was set to capture the same particle images simultaneously with the event camera, to enable
direct comparison between the event-based and framed-based PIV. Our findings indicate that,
under the studied conditions, the event camera can record up to ~ 400 events per microsecond
(ev/us) without experiencing non-retrievable information loss. However, the camera’s ability
to measure velocity using PIV is constrained by latency, which increases proportionally with
the event rate. This introduces a complex trade-off between particle image density, pulse
interval, and the maximum detectable velocity. We identify an optimal range of particle
image density, expressed in particles per pixel (ppp) for PTV and PIV based on both the
available literature and the experimental results. In our air jet experiments, a 0.2-1.8 m/s
(0.003-0.03 px/us) velocity dynamic range is achieved for a robust cross-correlation using a
typical 32 x 32 interrogation window. The PIV calculation showed good results for particle
image densities above 0.018 ppp with uncertainties remaining below 0.4 px. The methodology
introduced in this study can be readily applied to evaluate future event-based cameras with
improved bandwidth and reduced latency, which would enable a broader velocity dynamic

range and enhanced spatial resolution.

2.1 Introduction

Non-invasive flow visualization is an essential tool in experimental fluid dynamics, with a wide
range of applications such as energy, transportation, industry, and biomedical science. Among
the various laser diagnostics, Particle Image Velocimetry (PIV) is the most wide-spread and
commonly used. Tracer particles are uniformly seeded in the flow and illuminated with two
or more laser pulses to track their instantaneous positions. By measuring their displacement
over a known time interval, the velocity field is determined [17]. While PIV is a powerful
tool, it can 1) become relatively expensive, especially for temporally-resolved measurements
that require costly high-speed lasers and cameras; and 2) result in significant data storage
requirements, despite most of the captured data often consisting of non-useful information
on the static background [24]. For instance, one double-frame PIV image captured by a
16 bit 2560 x 2160 pixels scientific Complementary Metal-Oxide-Semiconductor (sCMOS)
camera can take several tens of MB of storage space, which doubles and even quadruples for
stereoscopic or tomographic configurations with multiple cameras.

Event-based cameras, also known as neuromorphic cameras, are an emerging technology that
may address these challenges. Unlike traditional frame-based cameras, which acquire and

save all pixels on the sensor simultaneously and at a fixed frame rate, event cameras operate
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asynchronously, recording changes in light intensity independently at each pixel [28]. The
architecture of each pixel is composed of a rapid logarithmic photoreceptor circuit, a high-
precision differencing circuit to detect and amplify variations in light intensity, and efficient
two-transistor comparators, as detailed in [44]. “Events” are triggered only at individual
pixels observing a change (in logarithm scale) in light intensity greater than a user defined
contrast threshold. Following the definition in [25], the intensity contrast is calculated at

each pixel as follows:
Inf(t) —Inl
C(t) — n (t) 1 (tp)
InI(t,)

(2.1)

where I(t) represents the light intensity captured by the pixel at the current time ¢, and
I(t,) corresponds to the intensity at time ¢, which is when the previous event occurred at
the same pixel. An event is triggered whenever the absolute value of this intensity contrast
|C'(t)| exceeds a preset threshold, typically expressed as a percentage.

After generating an event, individual pixels in the chip block enter the sensor’s readout
process to communicate the events through a readout interface. Rows are selected to be
processed under the arbitration principle of First-In, First-Out (FIFO) [45], and then, active
row events are assigned a timestamp and organized into a bit-efficient vector format for
readout, as further described in [12]. However, when a high volume of events is generated
simultaneously, the rows being processed start to experience a loss of timestamp because the
arbiters cannot handle the number of events promptly. This loss of timestamp in the read-
out process, combined with the on-pixel delay is know as global latency, which is the overall
time delay between the occurrence of a real-world stimulus and the assigned timestamp to
the corresponding event [37]. When the cameras’s bandwidth limit is reached, the arbiters
become saturated (known as readout saturation), which leads to a row-wise data dropout and
the loss of information [37], where rows of events can be skipped or unrecorded, as described
in [46]).

The output of an event camera is typically formatted to four columns; the pixel position (x,y),
timestamp, and polarity (ON or OFF). Positive (ON) events correspond to an increase in
intensity, and negative (OFF) events correspond to a decrease. As a result, event cameras
only record objects that are in motion or changing brightness over time, whereas static
elements are not recorded. This improves data efficiency and enables real-time data transport
and processing, making event cameras a promising tool in application scenarios such as
autopiloting and object tracking [47-49], and real-time 3D reconstruction [50,51]. For the
same reason, they are also particularly interesting for particle image velocimetry since the
unchanged dark background will not be recorded, greatly reducing data size. In a wider scope

of flow visualization, event-based cameras have been successfully applied to perform optical



27

flow estimation [52,53], image reconstruction [54-56], and back illumination Schlieren [57,58].
Another advantage of event cameras is their high temporal resolution. The theoretical re-
sponse time can be as fast as 1 us [28], which leads to a theoretical maximum data sampling
rate up to 10° hertz at each pixel. Practically, limited by the readout data bandwidth, current
state-of-the-art event cameras can achieve an equivalent maximum sampling rate around 5
kHz [37]. Compared with a commercial high-speed sCMOS camera that can achieve a simi-
lar frame rate, the event cameras are significantly less expensive, smaller, and lighter, which
also adds to the appeal. For example, event cameras can be integrated into lightweight
drones [59, 60], where traditional high-speed cameras would be too large or heavy to even
consider. Additionally, their affordability could enable the use of multi-camera set-ups for
stereo/tomo PIV at a significantly lower cost.

Drazen et al. [31] were among the first to investigate particle detection using event cameras.
They presented a proof-of-concept study by comparing the performance of an event camera
with a high-speed CMOS camera. In terms of efficiency, they highlighted that only 840 kB
were needed to store data from the event camera, compared to 120 MB for the CMOS at
an equivalent spatial resolution, both recording the same sequence during 6 seconds, with
the CMOS at 2000 fps. Efforts to develop methods for 3D fluid flow reconstruction through
Particle Tracking Velocimetry (PTV) using event cameras have been made by [33-35] demon-
strating that multiple event cameras can be operated at different viewing angles to recover
3D particle trajectories and velocity fields. Based on those studies, PTV shows significant
promise for event-based velocimetry due to its continuous recording nature [54]. However,
because event cameras produce asynchronous data, in contrast with sCMOS cameras, novel
algorithms to resolve stereo-vision in 3D space are needed [28], which remains an active topic
of research in computer vision science [61].

Willert and Klinner [25] successfully demonstrated in-plane event-based PIV using a contin-
uous wave (CW) laser. They observed that under continuous illumination, when the velocity
in the field of view is not homogeneous, information about slower particles is often inade-
quate and insufficient for an accurate velocity calculation. In subsequent work, Willert then
pursued pulsed-PIV with event cameras [37], by illuminating a seeded water cuvette flow
with a pulse width modulation (PWM) laser at frequencies between 500 Hz and 20 kHz to
quantify event latency. They found that most of the events associated with the laser pulse
were captured within 150-200 us for a full sensor resolution and operating below the arbiters
saturation event rate, which they estimated to be 40 x 10° events/s for the camera used
(corresponding to pulsing rates of 5-7 kHz). They introduced a methodology called Event
Based Image Velocimetry (EBIV), where two-dimensional “pseudo-images” are reconstructed

by accumulating events along the time axis, enabling the use of cross-correlation-based PIV
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algorithms for analysis. This approach has been applied in several studies, including [39,62].
Despite successful demonstrations of event-based PIV and PTV, several limitations associated
with the hardware remain. First, the limited data bandwidth, which is the capacity of the
camera’s read-out interface hardware to process a large amount of events at the same time,
may be easily exceeded when observing a highly dynamic scene [44]. For PIV, this translates
to limiting the seeding density in the flow, and the camera’s projected spatial resolution
within the analysis region of interest, ultimately affecting the quality of the cross-correlation.
Second, the latency imposes an implicit limit on the minimum time interval between laser
pulses, with values up to ~ 200 us reported in the camera’s specifications [12]. This, in
turn, limits the maximum velocity that can be measured for a given spatial resolution. As
summarized in [37], the event camera’s latency may even be higher than 200 us and depends
on lighting conditions, various adjustable detector parameters, and the number of events per
unit time.

Although previous studies have reported on these challenges/limitations, a systematic eval-
uation of the effect of key parameters such as laser energy, particle image density, particle
image size, and contrast threshold remains critically important to ensure the continued and
effective implementation of EBIV. To address this, characterization experiments are first con-
ducted using a water /alumina suspension flowing in a cuvette. Assessing the event camera’s
response to a single laser pulse, the effect of latency and potential information loss on the
effective temporal resolution of pulsed PIV measurements is investigated. The effects of the
laser pulse energy, particle image density, particle image size, and contrast threshold are also
evaluated systematically. Using this methodology, a performance map of the event camera
is generated, serving as a tool for users to determine optimal configurations and parame-
ters for PIV measurements. In a second set of experiments, double-pulse PIV is conducted
in a seeded air jet at different velocities and seeding densities, evaluating the effects of la-
tency on pulse separation, 2D particle image reconstruction, and subsequently the quality
of cross-correlation. In both sets of experiments, a reference sSCMOS PIV camera is used
simultaneously for comparison. We identify the maximum event rate that the camera can
sustain before the readout process starts to experience saturation due to bandwidth limi-
tations. This represents an operational limit for event-based PIV, and provides important

guidance for selecting experimental conditions to avoid data loss.

2.2 Experimental Methods

Figure 2.1 shows a schematic of the experimental setup, including a 532 nm pulsed Nd:YAG,
CFR PIV-200 Big Sky laser (Quantel) operated at 10 Hz. A laser sheet was formed using

a combination of cylindrical lenses and trimmed to a height of 60 mm with a slit to ensure
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Figure 2.1 Experimental setup

relatively uniform illumination across the field of view (FOV). The thickness of the laser
sheet was roughly 500 pum [63], and the relative standard deviation of the shot-to-shot laser
energy was less than 3%.

A Prophesee EVK2 Gen 4.2 HD event camera, with the 1280 x 720 pixel Sony IMX636
sensor, was used, as in a recent EBIV study [39]. The camera has a manufacturer quoted
maximum event rate of 1066 ev/us and nominal latency near 200 us. The Prophesee interface
sdk v4.5.2 was used to set adjustable detector parameters such as the contrast threshold and
record data, while data was extracted and post-processed in Python. A reference Andor Zyla
5.5 sCMOS frame-based camera (2560 x 2160 pixel resolution) simultaneously imaged the
flow with a 50:50 beam splitter (Edmund Optics 24037). Both cameras were equipped with
a 53245 nm filter to minimize background noise. The details of the optical system are listed
in Table 2.1. The event and sCMOS cameras were spatially registered and mapped using
a La Vision 106-10 target, and the residual mismatch (only a few pixels) was determined
and corrected. A flashing lamp was used to ensure the event camera could resolve the static
target. For the characterization test, the projected spatial resolution was kept similar for
both cameras to ensure a comparable number of photons reached each pixel, see Table 2.1.
For the PIV measurements, lenses were chosen to maintain a roughly equivalent field of view,
with the PIV results from the sSCMOS camera serving as the reference true velocity field for

uncertainty analysis.

2.2.1 Test conditions

A summary of test conditions is provided in Table 2.2. In the event-camera characterization
test, a 42.5 x 45 x 45 mm? cuvette was filled with a suspension of water and 1-2 ym diameter
alumina particles (Al,O3), a typical PIV tracer for both liquid and gaseous flows. Individual

Mie scattering images with uniform particle distribution were obtained using single-pulse
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Table 2.1 Configuration of the optical system

Projected spatial reso-

Camera Experiment Lens f/D lution (1im /px) Field of view (mm?)

Characterization test (wa-

EVK2 Gen 4.2 ter/alumina suspension ina Tokina 100 mm 8  21.61 27.7 x 15.6
cuvette)
PIV measurements (air jet
seeded with alumina parti- Nikon 35 mm 8  60.42 77.3 x 43.5
cles)

Andor Zyla 5.5 Both experiments Tokina 100 mm 8 27.17 69.6 x 58.7

laser illumination. Different seeding densities were achieved by adding dilution water to an
initial densely seeded suspension. Before each Mie scattering image was acquired, the water
was manually stirred, to avoid particle deposition on the inner walls of the cuvette, and
allowed to settle for 30 seconds. The residual momentum in the cuvette resulted in a flow
of roughly 2 mm/s during data collection. The entire FOV (27.7 X 15.6 mm?) of the event
camera was well withing the cuvette, away from all inner surfaces, such that no unwanted
reflections were collected by the event camera.

To investigate the effects of laser energy, seeding density, and the preset contrast threshold (at
which an event is triggered) on the output event rate (and the performance of the camera),
tests were conducted with 9 different laser energies ranging from 0.4 mJ to 20.7 mJ (with
corresponding laser fluences from 1.3 to 69 mJ/cm?), 10 particle image densities ranging
from 3.6 x 107* to 12.5 ppp (particles per pixel), and 7 contrast threshold values from 20%
to 80%. Note that the same contrast threshold was set for both ON and OFF events for
all test conditions. Unless the threshold was the changing variable, it was kept constant at
80% to suppress unwanted background noise, based on a reference configuration experiment
(laser on, cuvette removed).

In the second set of experiments, PIV measurements with double-pulse illumination were
conducted in a jet of air at different bulk flow velocities, particle seeding densities, and laser
pulse intervals. For bulk velocities above 1 m/s, a converging nozzle with a 32 mm exit
diameter was used to generate the air jet; for lower velocities, a 100 mm diameter tube was
adopted to maintain a minimum flow through the seeder. Air was seeded with the same
alumina particles as in the cuvette experiments. The recorded event data were extracted
to reconstruct pairs of 2D Mie scattering “pseudo-images” as described in [37], and used to

determine the velocity field of the flow in Davis 10.
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Table 2.2 Summary of test conditions

Series Parameter Value / Range
Characterization test (water/alumina suspension in a cuvette)
Baseline parameters

E laser energy (fluence) 14.4 mJ (48 mJ/cm?)

S particle image density 3.7 x 1073 ppp

P particle image size 2.6 px

C contrast threshold 80%

Variable parameters

E laser energy (fluence) 0.4-20.7 mJ (1.3-69 mJ/cm?)
S particle image density 3.6 x 107* — 12.5 ppp

P particle image size 1.6-8.6 px

C contrast threshold 20-80%

PIV measurements (air jet seeded with alumina particles)
Vv velocity 0.2-5 m/s (Re= 1355-10667)
I pulse interval 500-30 us

J particle image density 8x 1073 — 7 x 1072 ppp

T contrast threshold 40%

2.3 Event camera characterization test using a water/alumina suspension in a

cuvette

In this section, the response of the event camera (EVK2 Gen 4.2) to single-pulse laser illu-

mination, and its capability to record the particle image field are presented and discussed.

2.3.1 Response to pulsed laser illumination

Figure 2.2 shows a typical temporal distribution of events generated from Mie scattering of
the flowing water/alumina suspension. Although the laser pulse lasts only 8 ns, the resulting
positive events are distributed over a much longer period, roughly 400 us. Negative events
then follow and continue to steadily occur until the next laser pulse. We define two types of
event rates in this work. The instantaneous event rate is computed by dividing the number
of events in each time bin by the bin width (50 s in this case), and is shown on the right
y axis of Figure 2.2. The average event rate refers to the total number of events divided
by the duration over which they are generated, referred to as latency (further discussed in
Section 2.3.2). Throughout the paper, unless otherwise specified, the term “event rate” (e.g.,
Figure 2.4) refers to the average event rate. The distribution of events shown in Figure 2.2
is attributed to a relatively long response time of the event camera, which is a function of
both the implicit latency of individual pixels and the latency induced by the row arbitrage
(which causes a loss of timestamp) in the readout unit. Following an intense laser pulse

illumination, the voltage in each pixel experiences a quick rise before slowly decaying (similar
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to the behavior of a photo-diode with a long response time), such that OFF events continue

to be generated much longer than ON events.
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Figure 2.2 Temporal distribution of ON and OFF events following a 14.4 mJ laser pulse and
particle image density of 2 x 1072 ppp. The bin width is 50 us

This “latency”, which leads to a delay in event generation relative to the actual incident of
the event, remains an active area of improvement within the neuromorphic imaging research
community [37]. For pulsed PIV specifically, the latency directly affects the time window
used to extract events associated with each laser pulse to reconstruct raw instantaneous Mie
scattering pseudo-images, and subsequently the minimum pulse interval dt required to avoid
the temporal overlap of events from two consecutive pulses. In PIV, the pulse interval is a
key parameter that ensures the displacement of particles is neither too large (particles escape
from the interrogation window) nor too small (large uncertainty) to effectively resolve the
velocity and direction of the flow. The above implies that using event cameras to perform
pulsed PIV adds complexity, requiring a meticulous balance among velocity dynamic range,
magnification factor (spatial resolution), and the laser pulse interval.

As shown in Figure 2.2, OFF events have a long latency of a few milliseconds, making them
impractical for PIV image reconstruction in turbulent flows which may have characteristic
time scales of only a few hundred microseconds. Therefore, in the present work we only
use and analyze ON events. Setting a higher threshold to OFF events than ON events
can theoretically minimize the former (since they are not used) and save bandwidth for the

latter, as suggested in [37,39]. However, as shown in Figure 2.2, under the present setup,
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ON and OFF events only overlap for roughly 2 us, and are therefore unlikely to significantly
affect the event camera’s performance. To enable future comparison between pulsed PIV and
continuously illuminated Lagrangian particle tracking [34], the same threshold was set for
both ON and OFF events. We emphasize here again that throughout the rest of the paper,
all the event histograms, event rates, recovered images, and analyses were performed using

only ON events.

2.3.2 Latency

A latency of approximately 200 ps under pulsed illumination, as observed experimentally
by [37] using an EVK2 (Gen 4.1 sensor), provides an estimate of the maximum sampling rate
(~ 5 KHz). However, this latency is not a fixed value, as it varies with the input event rate.
For EBIV with a pulsed laser, unlike for Lagrangian particle tracking (LPT) with an LED
lamp or continuous wave laser, all laser-induced events are triggered within a few nanoseconds
(the laser pulse width) during which the flow is assumed static. This implies that the event
rate is decoupled from the velocity of the flow, and that the instantaneous input event rate
after the pulse is extremely high, resulting on a significant “load” on the camera’s sensor.
While sensor load may be evaluated with the total number of events generated per laser
pulse, in order to maintain consistency with previous studies on both EBIV and continuous
illumination LPT (e.g. [25,30,39]), we used the average event rate as an indirect indicator
to evaluate the load exerted on the camera for each test case.

Figure 2.3 shows the temporal distribution of event generation for three different cases, each
with an increasing total number of events produced in response to a laser pulse. These
variations were achieved by increasing either the laser energy (green bins) or the seeding
density (gray bins) relative to a reference case (red bins). The latency is found to increase
with the total number of events and the event rate, from 220 us (reference case) to 310 us and
380 us for the green and gray cases respectively. Unsurprisingly, the more events triggered
at the same time, the longer the waiting queue in the readout interface, and the longer it will
take for all events to be read out. Note that, since the readout of events generated by the
pixels is row-wise [12], the latency also varies row-wise, as further discussed in Section 2.4.3.
The global latency is then defined as the time required for all ON events to be generated
over the entire sensor area in response to a stimulus. Unless specified, the term “latency” in
this paper denotes the “global latency”.

Figure 2.4 summarizes the relation between latency and event rate by varying the laser pulse
energy and seeding density in the water/alumina suspension (colored circles). Latency was
calculated as the time when the instantaneous event rate (after smoothing with a window

of 3 bins) drops below 1% of its maximum value, using a bin size of 1 us. The latency
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Figure 2.3 Temporal distribution of events generated in response to a laser pulse for reference
case (red bins), and relative increases in laser energy (green bins) and seeding density (gray
bins). The legend indicates the total number of ON events induced by the laser pulse. The
instantaneous event rate is calculated based on a 50 us bin size. Average event rates over
the entire event distribution of the three cases are 50 ev/us, 112.9 ev/us and 210.5 ev/us,
respectively

increases as the event rate rises, reaching a maximum near 450 ps for an event rate of
400 ev/pus, after which it slightly decreases and eventually plateaus around 350 us, possibly
due to the sensor readout saturation. For event rates greater than 400 ev/us, the sensor
reaches its bandwidth limit and can no longer process all incoming data, causing some of
the rows in the queue of the readout interface to be skipped or unrecorded, resulting in non-
retrievable information loss. Since fewer rows are read out, the total readout time shortens,
resulting in the observed decrease in latency. While this interpretation is consistent with the
observed plateau in latency, further investigation would be required to confirm that sensor
readout saturation is indeed the cause. A related analysis by Cao et al. [30], using a digital
micro-mirror device to simulate particle motion, showed that the sampling frequency of the
event camera converges to a value near 2400 Hz as the particle concentration increases.
Although their analysis focuses on sampling rate rather than latency, this convergence can
be interpreted as equivalent to the latency plateau observed here. In both cases, the sensor
reaches a bandwidth limit where increasing the event load no longer results in increased
temporal response, indicating the onset of readout saturation and potential data loss.

The performance curve shown in Figure 2.4 serves as an important tool for EBIV measure-

ments, as the latency indicates the minimum pulse interval that can be used without data
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Figure 2.4 Latency distribution of the EVK2 Gen 4.2 as a function of event rate for data
series E and S in the water/alumina suspension. The different marker sizes represent the 9
levels of laser energy in mJ/pulse, while the colors indicate seeding density in particles/m?
(estimated based on the approach in [64] for a laser energy of 14.4 mJ/pulse). Black squares
represent data points obtained using a previous generation EVK2 Gen 4.1 camera

loss, which directly determines the velocity dynamic range. For comparison, the performance
curve of a previous generation Prophesee EVK2 camera (Gen 4.1 sensor) was determined us-
ing the same methodology. Results are plotted as black squares in Figure 2.4, showing the
significantly longer latency of the Gen 4.1 sensor compared to the Sony IMX636 sensor in
the Gen 4.2 at the same event rate, where non-retrievable information loss also starts at
much lower event rates, near 30 ev/us, as opposed to near 400 ev/us. As new generations
of event-based devices with higher bandwidth and shorter latency continue to emerge, the

same approach can be readily used to assess their suitability for EBIV.

2.3.3 Information loss

Due to the latency of event cameras, events are accumulated over a defined time window to
form a 2D pseudo-image, also referred to as “time correction” [37]. This consists of binning
events, initially in 3D space (z, y, t), along the time ¢ axis to reconstruct a 2D image. The time

window used to bin the events and retrieve the 2D image is referred to as the accumulation
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time (acc). This approach has been adopted throughout the literature [30,44,65,66]. Unlike
continuous illumination, in pulsed laser illumination, events will effectively represent the
particle position during the (relatively short) laser pulse, despite the temporal latency of the
camera.

To ensure the reconstructed 2D event pseudo-images effectively resolve the camera’s entire
field of view, the accumulation time should be equal to or greater than the latency, otherwise
entire rows of data that are read out afterwards will be omitted, as shown in Figure 2.5
(a) and (b). The shorter the accumulation time relative to the latency, the more rows of
data may be omitted from the reconstruction, observed from the left to right columns in the
figure. For moderate particle image densities up to 2 x 1072 ppp (~ 20 particles per 32 x
32 interrogation window) in (a) and (b), a full pseudo 2D image was consistently recovered
by ensuring a sufficiently long accumulation to collect all the events. Hence, the potential
information loss caused by an accumulation time that is too short, which leads to missing rows
in the pseudo-image reconstruction, is considered retrievable. However, further increasing the
particle image density to 4.5 x 1072 ppp (~ 46 particles per 32 x 32 interrogation window),
or even (1 x 107! ppp), as shown in Figure 2.5 (c) and (d), leads to information loss that
is considered non-retrievable, regardless of accumulation time, as rows of event data are
skipped /unrecorded due to readout saturation, as discussed above. It must be noted that
most pixels either generated no event (blank) or one single event (red) after the laser pulse,
yet on a few pixels up to 8 events can be stacked up over the accumulation time. This suggests
a potential delayed response of the pixel to strong Mie scattering signals produced by the
pulsed laser illumination, causing multiple events to be triggered at the same pixel, but at
different timestamps. We hypothesize that this effect could explain why the non-retrievable
information loss may only cause a “faded” row with less events, instead of an entirely empty
row with zero events, as shown by the first column in Figure 2.5 (¢)(d).

The camera’s performance is presented in Figure 2.6 (a) and assessed by measuring the
number of active rows on reconstructed pseudo-images at different accumulation times. To
determine whether a row is active, a threshold was set at 60% of the average number of
events per row for each condition. Rows falling below this threshold were considered to be
either missing or skipped /unrecorded. This includes rows where information is only partially
lost, as in the “faded” rows described above. For cases with very low seeding-densities (<
3.7 x 1073 ppp), a lower threshold of 10% was used to accommodate the inherent sparsity of
particle images. The effectiveness of this approach was verified manually for each condition
to ensure missing rows were effectively identified.

Figure 2.6(a) shows that for shorter accumulation times, rows of data are lost at lower

event rates (black vs. orange markers). Note that the sensor has a total of 720 rows,
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Figure 2.5 Reconstructed pseudo-images generated from four different seeding cases in the
S data series, accumulated over various time intervals. Only ON events are presented. The
laser energy was 14.4 mJ and the particle image densities a) 3.7 x 1073, b) 2.0 x 1072, ¢)
4.5x 1072, and d) 1.0 x 107! ppp. The corresponding latency values were a) 255 us, b) 405
ps, ¢) 461 ps, and d) 358 us

corresponding to the maximum value on the y-axis. Beyond 400 ev/us, the sensor bandwidth
is exceeded, leading to non-retrievable information loss that becomes more significant at
higher event rates. Figure 2.6(b) highlights the maximum event rate as a function of the
minimum accumulation time needed to recover a full pseudo-image, defined as having 95% of
the total rows being retrieved (the 5% margin incorporates a small uncertainty for low seeding
cases where a few pixel rows may not contain any particles). The standard deviation of shot-
to-shot fluctuation is plotted as error bars. The figure implicitly provides the shortest pulse
interval (which is equivalent to the minimum accumulation time) needed to fully reconstruct
the first frame in an EBIV image pair, as a function of event rate. This is a critical parameter
to consider in order to ensure EBIV measurements are performed effectively. For instance,
in the current experiments, event rates above 400 ev/us inevitably resulted in missing rows.
Having established the relationship between the event rate and the temporal latency, the
effects of laser fluence, seeding density, particle image size, and contrast threshold on the

camera’s event rate will be discussed and quantified.
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Figure 2.6 (a) Number of active rows at different tested event rates, post-processed using
various accumulation times. Each dot represents a pseudo-image reconstructed from a single
laser pulse. For each of the 61 tested conditions in data series E and S, 200 laser pulses
were recorded and processed. acc=latency refers to an accumulation time long enough to
capture all the events generated by the corresponding laser pulse, varying for each case; (b)
Maximum event rate for each accumulation time that ensures that at least 95% of rows
are captured in the pseudo-image reconstruction. The error bars represent the shot-to-shot
standard deviation

2.3.4 Effect of laser pulse energy

In most applications of PIV, a relatively low laser pulse energy, on the order of a few millijoules
at 532 or 527 nm is more than sufficient. The resulting Mie scattering from tracer particles

1-2 pm in diameter produces a signal strong enough for non-intensified sCMOS and Charge-
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Coupled Device (CCD) cameras, while minimizing unwanted background scattering. Figure
2.7 shows a 5x5 mm region of interest (ROI) for the SCMOS camera (top row) and event
camera (bottom row) at (a) 2.1, (b) 10.7, and (c) 20.7 mJ. To generate the pseudo-image,
events were accumulated over the corresponding latency time of 133, 237, and 279 us for
(a), (b), and (c), respectively. The projected spatial resolution is kept similar between both
cameras. A relatively high contrast threshold of 80% was used to ensure background noise
was excluded.

It must be noted that in the sCMOS camera images, the colourscale represents the pixel
count, while in the event camera pseudo-images, the colourscale represents the number of
events registered at each pixel. This is an important distinction that serves as a reminder
that the pseudo-images (as they are here processed) are not a grayscale representation of Mie
scattering intensity as in the sCMOS images, but rather strictly indicate the location and
frequency of events associated with seeding particles over a defined time window. For some
of the larger particles, more than one event may occur at a single pixel, as discussed above,
which occurs predominantly for the larger particles illuminated by the pulsed laser.

The pseudo-images therefore do not resolve the 2D Gaussian intensity distribution of individ-
ual particles as do the grayscale sCMOS images, shown in Figure 2.7. This can lead to peak
locking, as observed by [39], and has implications for the processing and resulting uncertainty
of PTV and PIV measurements, which will be further discussed in Section 2.4.2.
Comparing the sCMOS and event results, Figure 2.7 shows that the number of particles
detected by the event camera is consistently lower than that of the sCMOS camera. In
particular, it appears the weakest Mie signals in the sCMOS image, caused either by smaller
particles or lower laser energy, were not captured by the event camera. To illustrate this,
particles detected by the event camera are overlaid as red circles on the sCMOS image in
Figure 2.7(a), top row. Several of the small/weak particles in the sCMOS image are missing
from the event pseudo-image, confirming they were not detected by the event sensor. While
lowering the contrast threshold of the event camera would effectively increase the number
of detected particles, this would also introduce unwanted random noise, which cannot be
distinguished and therefore separated from particle signals.

As expected, both cameras detect a greater number of particles as the laser energy increases.
The particle image density (i.e. the number of particles per pixel, ppp) is plotted as a
function of laser energy in Figure 2.8, with the corresponding event rates shown on the right
y axis. To quantify ppp from the event data, an algorithm was developed that calculates
the total number of particles in the field of view by detecting and grouping events occurring
in adjacent pixels into distinct clusters, each representing a single particle. For the sCMOS

camera, particles were identified using a corner detection algorithm [67], which searches for
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Figure 2.7 sCMOS images (top) and event pseudo-images (bottom) for three different laser
energies and the same region of interest (ROI). In (a), red circles indicate the position of
particles detected by the event camera, overlaid on the corresponding sCMOS image

areas with high intensity gradients caused by the peak intensity at the center of each particle.
For both algorithms, several individual images were inspected manually to confirm that over

95% of the particles were detected, in order to enable a sound and quantitative comparison.

2.3.5 Particle image density

In PIV measurements, particle image density significantly affects the robustness of the cross-
correlation and resulting velocity field. Sparse particle images may lead to missing and
spurious vectors, and excessive seeding can lead to loss of correlation due to particle image
overlap. It also influences the finest flow structures that can be resolved by enabling the
selection of a smaller interrogation window and a shorter pulse interval. In particular, for
measurements in flames, the seeding density drops by a factor of ~ 7 downstream of the
flame front due to thermal expansion from ambient temperature reactants below 300 K to
products over 2000 K. A sufficiently high seeding rate is therefore needed to resolve the flow
field through the flame. Selecting particle seeding density correctly can significantly improve
the measurement accuracy and completeness of the velocity field.

The effect of particle image density on the output event rate of the EVK2 IMX 636 is shown in
Figure 2.9. For low to moderate seeding cases (a) and (b) up to 3.7 x 1073 ppp, particle image
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Figure 2.8 Particle image density (left y-axis) for sCMOS and event camera, and event rate
(right y-axis) as a function of laser energy for the E data series. Each point on the graph
represents the mean value calculated from 200 images for a fixed seeding density

density was determined using the particle detection algorithm described in Section 2.3.4. For
higher seeding density cases (c), (d), and (e), the algorithm underestimates the particle
image density as particle clusters and skipped/unrecorded rows (due to readout saturation)
are observed in the event pseudo-images. The particle image density is thus extrapolated from
the low-seeding cases, based either on the proportionality of the dilution of the water/alumina
suspension, or on the proportionality of the average intensity in the same region of interest
(ROI) recorded by the sCMOS camera. Both approaches yield similar estimates over the
seeding density range tested.

In Figure 2.9, the blue dashed line indicates where non-retrievable information loss starts
(~ 400 ev/pus), included for reference. We also observed that the event rate increases near-
monotonically before plateauing at particle densities above 0.1 ppp due to readout saturation.
As the water/alumina suspension in the cuvette flows at a velocity of only a few millimeters
per second, the velocity field can be obtained by times-series PIV operating at 10 Hz. The
relationship among particle image density, event rate, and the resulting velocity field can
therefore be evaluated without considering the effect of latency, as the pulse interval of 0.1 s
is far longer than the camera latency. We plot the PIV result on Figure 2.9 for representative
S cases. For reference, the recommended ranges of particle image density for PTV, PIV,
and speckle PIV are highlighted above the figure following the definitions of [2,15]. The
gradient across the PIV colourbar represents the transition between the theoretical lower
limit for particle image density and the practically recommended lower limit, which is 5-10

times greater. Note that there is an overlap between PTV and PIV, which is attributed to
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high-density tracking approaches, e.g. [40].
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Figure 2.9 Event rate as a function of particle image density for S-series data, collected at 14.4
mJ laser energy. Particle image densities for PTV, PIV, and speckle PIV are based on those
reported in [2,15]. Subfigures (a)—(e) show representative EBIV velocity fields calculated
from event pseudo-images at different seeding densities

For a low seeding density, although the event camera is not saturated, overly sparse seeding
leads to spurious vectors, as shown by the vector field for case (a) 2 x 1073 ppp. Reliable
PIV images were observed for case (b) 3.7 x 1073 ppp, with the most promising results for
cases (c) 2 x 1072 ppp and (d) 2.5 x 1072 ppp. These results and the defined PIV range
agree with the particle image densities used in [37] to obtain exploitable EBIV results, which
are included in the figure. At higher particle image densities above 3 x 1072 ppp, the event



43

camera begins to experience readout saturation, leading to skipped/unrecorded rows and
incomplete velocity fields, as illustrated in case (e). These results suggest that for the low
velocities of the water/alumina suspension, where the pulse interval of 0.1 s is significantly
longer than the camera latency, particle image densities ranging from ~ 0.0037-0.03 ppp
enable robust PIV measurements. We also highlight the particle image densities applied by
previous event-based particle tracking studies on Figure 2.9, including [34] and [40], which
all fall within the defined PTV window. This particle image density range (~ 4-30 particles
per 32 x 32 px window) is sufficient to ensure a robust and complete velocity field for EBIV,
with very few spurious or missing vectors. The upper limit also provides a strong margin to
accommodate strong gradients in effective seeding density in the flow, such as in combustion
applications mentioned above. At lower particle image densities, where the accuracy of EBIV
measurements is compromised due to an insufficient number of particles, event-based particle

tracking is a viable alternative, analogous to the relationship between PIV and PTV.

2.3.6 Particle image size

Given the relevance of defocusing PIV, astigmatic PTV, tomographic PIV, and PIV in macro-
scopic flows to the flow velocimetry community [68], we also include an analysis of the effect
of particle image size on the event pseudo-images. Ten levels of defocus (P-series data) were
evaluated by gradually adjusting the camera position along the z-axis, i.e., the normal dis-
tance to the laser sheet. Figure 2.10 illustrates the appearance of particle images at three
different levels of defocus. As the camera comes out of focus, the particles appear larger and
more diffuse, while the laser energy and seeding density were held constant. We quantified
particle size by calculating an equivalent diameter using the number of active pixels forming
each particle as the area, which ranged from 1.6 to 8.6 pixels across the evaluated cases. As
shown in Figure 2.11, when the camera is out of focus, the light intensity decreases, resulting
in fewer particles being detected. However, the number of events generated by each particle
increases due to their larger apparent size.

To evaluate the behavior of event generation under different defocusing, laser energy, and
seeding conditions, the number of events per particle is plotted in Figure 2.12 for data series
E, S, and P. A dataset featuring larger particle aggregates collected at various laser fluences is
also included (triangles), obtained by not stirring the water/alumina suspense as thoroughly
during preparation. The group of squares enclosed in the red oval on the top left of the figure
represents the defocused cases (up to a 4.5 px diameter). It can be observed that, under
the current optical configuration, fully focused particle images remain diffraction-limited,
as most low to moderate seeding cases exhibit a relatively constant rate of 3-4 events per

particle, even in the case of aggregates at low laser energies. For defocused particle images,
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Figure 2.10 Event pseudo-images of the water/alumina suspension for three increasing levels
of defocus, with equivalent particle image diameters of 1.6, 4.5, and 8.6 pixels, respectively.
The fully focused reference pseudo-image in (a) corresponds to a particle image density of
2.2 x 1072 ppp, compared to 1.8 x 10~* in (b) and 9 x 1075 ppp in (c)
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Figure 2.11 Number of particles and events per particle for various equivalent particle sizes
at different defocusing levels. The seeding density and laser energy were held constant at 3.8
x 109 particle/m? and 14.4 mJ, respectively

the overall event rate remains relatively constant, while the number of events per particle
increases significantly with the degree of defocus. At high seeding densities and high laser
energies (indicated by larger red or orange markers), particle images begin to cluster, causing
the particle identification algorithm to overestimate the number of events per particle.

Knowledge of the number of events per particle may be used to quickly estimate the maximum
applicable particle image density. For instance, as shown in Figures 2.4 and 2.6(b), the
maximum event rate before sensor saturation for the current EVK2 camera is approximately
400 ev/us. Considering a latency of ~400 us and an average of 4 events per particle, this

corresponds to a total number of roughly 40k particles on the 1280 x 720 px sensor (0.04
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Figure 2.12 Number of events per particle for data series E, S, and P for event rates below the
maximum of 400 ev/us, such that non-retrievable information loss is not observed. Triangle
markers represent an additional test case with particle aggregates, while square markers
correspond to defocused conditions used to intentionally produce larger particle image sizes.
The color bar indicates the seeding density in particles/m?, quantified at a laser energy of
14.4 mJ

ppp). This estimate closely matches the previously identified threshold of 0.03 ppp at which

sensor saturation effects begin to appear, as observed in Figure 2.9.

2.3.7 Effect of contrast threshold

In addition to the parameters associated with a conventional PIV setup, the user defined
contrast threshold for event cameras introduces an additional tuning parameter in EBIV.
For a laser power of 14.4 mJ and moderate particle seeding density of 3.8 x 10° particle/m?,
seven values of contrast threshold were tested, with the results shown in Figure 2.13. As
expected, increasing the contrast threshold led to fewer particles being detected. This occurs
because, at higher thresholds, the Mie scattering signal from smaller particles is no longer
strong enough to reach the sensor’s detection limit (or threshold) and trigger an event.
Consequently, fewer events are generated and the measured particle image density decreases.
Adjusting the contrast threshold effectively balances event detection with latency reduction,

and is often more practical than fine-tuning the seeding density, particularly when accurate
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measurements are required at specific velocities.
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Figure 2.13 Impact of varying the contrast threshold (C data series) on the number of detected
particles and latency in the event camera

2.4 Event-based PIV measurements in a seeded air jet

In the previous section, characterization experiments using a water/alumina suspension
showed that for ultra low velocities on the order of 0.002 m/s, the delay between laser pulses of
0.1 seconds was consistently greater than the event camera’s maximum latency. The accumu-
lation time was therefore long enough to ensure event pseudo-images were fully reconstructed,
effectively resolving the velocity field. In this case, the upper limit of particle image density
is therefore constrained primarily by sensor saturation to avoid skipped/unrecorded rows.
For higher velocities, however, the analysis becomes more complicated, as the event camera’s
latency directly sets the minimum allowable time interval between the first and second PIV
laser pulse, effectively defining the maximum measurable velocity. To evaluate the velocity
dynamic range, PIV was conducted with both the event and sSCMOS cameras in a seeded air
jet for velocities ranging from 0.2 to 5 m/s. Events related to the first pulse were accumulated
over the pulse interval dt, while those following the second pulse were accumulated for as
long as required to ensure all events were captured. The interrogation window size was 32
x 32 px with 50% overlap for both the event and sCMOS data. The cameras were spatially
registered and the velocity field obtained from the sCMOS served as the reference value when
determining measurement error of EBIV.

Figure 2.14 shows the temporal event distribution under double-pulse illumination, the cor-
responding Mie scattering pseudo-image pairs, and a comparison between the instantaneous
velocity fields obtained from the event and sCMOS cameras. It is important to note that
the event camera was rotated 90° (relative to the cuvette experiments) to keep the longer

dimension of the sensor aligned with the axial direction of the jet. The saturation of band-
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width and non-retrievable information loss therefore appears as missing columns, instead of
rows. Previous discussion on “row-wise” behavior will now be “column-wise”.

For the higher velocity cases (d,e,f) tested with the 32 mm converging nozzle, the air jet
did not fully occupy the camera’s sensor, leaving some regions empty. This is due to the
entrainment of non-seeded ambient air or the swaying of the low-velocity jet. Nevertheless,
the jet consistently covered more than 95% of the sensor columns. In addition, only 1000
of the 1280 pixel rows along the axial direction were used due to the height of the laser
sheet. This region of the sensor is not shown in the figures. We consider this level of
coverage sufficient to justify using the water cuvette results (which cover the entire sensor)
as a reference for interpreting the air jet measurements. For experiments in which the ROI
represents a smaller portion of the sensor, it is suggested that the characterization test, as

presented in Section 2.3, be performed using the same ROI.

2.4.1 Velocity dynamic range

Figure 2.14 (a) 0.2 m/s and (b) 0.5 m/s show the lowest bulk velocity cases, where the max-
imum observed velocities within the analysis ROI were roughly 0.5 and 1.0 m/s, equivalent
to 8.3x1073 and 1.7x1072 px/us, respectively based on the projected spatial resolution of
the event camera. In both cases the laser pulse interval is greater than or equal to the event
camera’s maximum latency of ~ 400 us. As a result, the events corresponding to each laser
pulse are well separated and therefore easily allocated to their respective pseudo-image. In-
triguingly, the event distributions further show that roughly twice as many events follow the
second laser pulse than the first, despite similar pulse energies. It is hypothesized that this is
due to residual voltage accumulated at pixels that did not reach the contrast threshold with
the first laser pulse, and did not fully decay before the second pulse. When the second laser
pulse occurs, this residual voltage combined with the new intensity increase easily exceeded
the contrast threshold, thereby triggering events. This slow decay may also help explain the
long latency of OFF events observed in Figure 2.2. Nevertheless, both event pseudo-images
are fully recovered, with the resulting EBIV vector field showing excellent agreement with
that of sSCMOS PIV. Results were consistent for most of the 200 instantaneous flow realiza-
tions, except for a few with lower particle image densities due to variations in seeding density.
In this configuration, for flows requiring laser pulse intervals greater than the camera latency,
particle image densities up to 0.06 ppp can be used with the EVK2, before non-retrievable
information loss occurs. For the current air jet experiment, this corresponds to ~ 500 ev/us
which is a slightly higher value than the quantified limit of 400 ev/us from the cuvette in
Figure 2.9, likely due to the slightly smaller active area of the sensor mentioned above, which

caused a fewer number of events in each column.
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Figure 2.14 Event distribution following first and second PIV laser pulses, corresponding Mie
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As the bulk flow velocity increases to 0.8 m/s (maximum velocity of 1.5 m/s, equivalent to
2.5x1072 px/us), the laser pulse interval approaches or even falls below the latency of the
first frame, causing some events from the first pulse to be read out in the same time window
as events from the second pulse. This subsequently weakens the cross-correlation, as some
events associated to the first pulse are captured in the second frame (or pseudo-image), and
leads to a larger uncertainty in EBIV. As shown in Figure 2.14(c), spurious vectors begin to
appear, and the resulting velocity field becomes more noisy.

The quality of the event based results was also affected by inconsistencies in seeding density
during the air jet experiments. Unlike the cuvette where the seeding density remains stable
and is easy to adjust, the seeding in the air jet varies throughout the test. For the 1.2 m/s case
(maximum velocity 1.8 m/s, equivalent to 3x1072 px/us), as the pulse interval approaches
200 ps, the range of event rates that both avoids saturation and provides sufficient particle
image density narrows, as observed in Figure 2.6(b). Consequently, due to both variations
in seeding density and an extremely narrow window on the applicable particle image density,
fewer than 5% of the recorded images yielded a complete velocity field. While a complete
velocity field is shown in Figure 2.14(d), in most instantaneous vector fields, columns were
missing.

As the bulk velocity increases to 2 and 5 m/s in (e) and (f) (maximum velocity 3 and 7 m/s,
equivalent to 5x1072 and 1.2x107" px/us), the pulse intervals d¢ are set to 120 and 30 us,
respectively. This further reduces the accumulation time of the first PIV frame (window 1),
and increases the number of events from the first laser pulse that continue to be readout
after the second laser pulse, during the accumulation time for the second PIV frame (window
2). At these velocities, a very low event rate would be necessary to ensure a camera latency
shorter than time delay between laser pulses, such that the particle image density would be
too sparse to allow for exploitable PIV measurements.

For these higher velocity flows, event-based PTV may be an interesting alternative to EBIV,
at a low particle image density which can be derived from Figure 2.6(b) and Figure 2.9. For
instance, if a pulse interval of 30 us is needed, where the maximum event rate is ~ 6.2 ev/us,
this corresponds to a particle image density of roughly 5 x 10~° ppp, i.e., approximately 46
particles for the full field of view (assuming a mean of 4 events/particle based on the results
in Figure 2.12).

To clearly illustrate the correct selection of particle image density based on the maximum
event rate, the 1.2 m/s bulk velocity case was repeated at different particle image density
levels using a pulse interval of 200 us. Six representative instantaneous vector fields from these
tests are shown in Figure 2.15 (a-e). These six vector fields are also plotted on the maximum

event rate vs. accumulation time plot obtained from the water cuvette measurements in
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Figure 2.6 (b), which is reproduced. Of the six cases, only (b) and (c) result in a complete
and sound velocity field, with no missing columns and only a few spurious vectors. Note that
(b) and (c) fall roughly within the error bars of the water cuvette characterization. Below this
range, (a) falls within the event rate range but has an overly sparse particle image field that
yields a large amount of spurious vectors, whereas (d-f) show a number of empty columns as
they far exceed the optimal event rate range. This indicates that a particle image density of
0.018 ppp, as in case (b), represents the lower limit to obtain a reliable velocity field using
EBIV. This value falls within the acceptable range defined in Figure 2.9.

Non-retrievable information loss zone
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Figure 2.15 Six example instantaneous vector fields from the 1.2 m/s air jet, plotted onto
Figure 2.6 at a pulse interval of 200 us. The corresponding event rates and particle image
densities are: (a) 30.0 ev/us - 9.7 x 1073 ppp, (b) 65.4 ev/us - 18.5x 1073 ppp, (c) 94.4 ev/us
- 2.7x 1072 ppp, (d) 123.4 ev/us - 3.4 x 1072 ppp, (e) 196.3 ev/us - 5.0 x 1072 ppp and ()
320.2 ev/us - 6.5 x 1072 ppp

With the above analyses, for the present setup, the maximum velocity that can be measured
is roughly 1.8 m/s (0.03 px/us). The lowest velocity tested in the present study is 0.2
m/s (3.3x107% px/us) in the air jet and 2 mm/s (9.3x107° px/us) in the water cuvette,
and can theoretically be even lower, until Brownian motion of particles starts to affect the
measurements [2]. Willert [37], who also used a pulsed laser and the previous generation of the
same camera (Gen 4.1 HD), demonstrated EBIV in a velocity range of 1.5 m/s (0.04 px/us)
to 3 m/s (0.14 px/us), which changes depending on the experimental setup, projected spatial
resolution, and region of interest. Similarly, Willert and Klinner [62] reported a maximum

reliable velocity of 1.5 m/s (0.03 px/us), aligning well with the present analyses.
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2.4.2 Uncertainty analysis

The uncertainty of the PIV results was determined using LaVision 10, which follows the
methodology described in [69,70]. As previously noted, event pseudo-images do not resolve
the Gaussian intensity distribution of particles, such that the residual displacement for each
particle has an inherent error of up to 0.5 pixels due to peak-locking. Assuming a normal
distribution within the +0.5 pixel range (where ~ 0.5 px corresponds to +3¢0), the rms of
the residual displacement (the rms error) is expected to have a baseline value of 0.16 px.
To compare the EBIV results with those of sSCMOS PIV, the Root Mean Square Error
(RMSE) between the instantaneous velocity fields obtained with both techniques was cal-
culated. Since the two cameras have different spatial resolutions, the RMSE was computed
using a normalization factor « that converts velocity magnitudes into displacements in pixels.
The RMSE is given by:

1

RMSE — \/ Zﬁil(aEVENTVéVEN]”\F[ - aSCMOS‘/sCMOS)z’ (2.2)

where V' is the local velocity magnitude at interrogation window 4, and N is the number

of interrogation windows. The calculation was performed within a selected region of inter-
est where events were recorded, excluding empty columns resulting from saturation. The
normalization factor « is defined as:
At

=2t (2.3)
where At is the pulse interval in us (200 ps in this case), and r is the spatial resolution of
the camera in um/px, as reported in Table 2.1 for the air jet experiments.
Figure 2.16 (a) illustrates the uncertainty of EBIV for a velocity of 1.2 m/s (equivalent to
2 x1072 px/pus), for event rates ranging from 0 to 1750 ev/us. The pulse interval was kept
constant at 200 us. It can be clearly seen that the uncertainty decreases rapidly as the event
rate increases from 0 to 50 ev/us. This is attributed to the rise in particle image density,
which significantly improves the cross-correlation by mitigating the effects of overly sparse
seeding. However, beyond 220 ev/us, the uncertainty gradually increases as the latency
approaches the laser pulse interval, causing some events generated by the first pulse to be
read out during the time window assigned to the second pulse, which weakens the cross-
correlation. Figure 2.16 (b) plots RMSE with event rate, showing a similar trend to (a).
Notably, the high RSME for event rates below 50 ev/us is attributed to a large uncertainty
in both EBIV and sCMOS PIV, because the overly sparse particle image density affects both
measurements.

To better illustrate the trade-off between uncertainty and the completeness of the velocity
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field, both the uncertainty and the number of missing columns within the 0-220 ev/us range
are plotted in Figure 2.16 (c), together with the RMSE in (d). The 1 m/s case was selected
because the jet was formed using a 100 mm tube, which provided relatively stable seeding
and full event coverage across the entire field of view (see Figure 2.14 (a) to (c)). As a result,
the camera’s response to varying event rates in this configuration is more consistent (with
less scatter in the number of missing columns). However, further increasing the event rate
is limited by the capacity of the seeder. Similar to Figure 2.16 (a), an initial drop in the
uncertainty is observed in the 0-50 ev/us range, before quickly stabilizing at ~ 0.37 px. In
parallel, the number of missing columns increases near 80 ev/us, due to an accumulation
time (200 ps) that is shorter than the camera latency, which aligns with that predicted in
Figure 2.6 (b). The RMSE also drops from 2.5 px to 0.3 px as the event rate increases from
10 to 200 ev/us, shown in (d). To keep the RMSE below 1 pixel, a minimum particle image
density of 0.015 ppp was required, consistent with the defined range for the water/alumina

suspension in the cuvette in Figure 2.9.

2.4.3 Column-wise latency and adaptive accumulation time

The analyses throughout the paper have thus far been based on the reconstruction of pseudo-
frames using a global accumulation time for the entire sensor. As the readout is column-wise
(or row-wise in the water cuvette experiment), a local accumulation time specific to each
column may be used to avoid missing columns, i.e., using an adaptive accumulation time. In
this section, the feasibility to perform adaptive column-wise accumulation is investigated.

To further highlight column-wise readout, two example event pseudo-image pairs are pre-
sented in Figure 2.17 for a bulk flow velocity of 1.2 m/s. The event rate in both cases was
~ 200 ev/us, at which non-retrievable information loss (due to readout saturation) is very
unlikely (> 400 ev/us), such that missing columns in the reconstructed pseudo-images were
solely caused by the accumulation time being shorter than the camera latency. The first two
columns in Figure 2.17 show the pseudo-images of the first and second frames using global
accumulation times for all columns. The colormap represents the timestamp at which each
column was read out, highlighting the lose of asynchronicity due to the camera’s latency. The
histogram in the third column plots the local event distribution extracted from three regions
of interest (a, b, and ref), each corresponding to a 5 column-wide band. In the reference
band (ref), which does not exhibit missing columns, a cluster of two bins is observed near
110 ps, and falls within the global accumulation window. Events from the first and second
laser pulse are therefore clearly distinguishable and allocated to the first and second frames,
respectively. In contrast, this was not the case for regions a and b, where entire columns of

the first frame were empty, as no events from the first pulse were captured using the same
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Figure 2.16 Uncertainty of the event camera and RMSE between the event camera and
sCMOS camera. In (a) and (b) at 1.2 m/s with the 32 mm converging nozzle, and (c) and
(d) at 1 m/s with the 100 mm tube. The shaded gray area in (a) and (b) highlights the
region evaluated in (c¢) and (d) for comparison. Each point in the plot represents a single
velocity vector field. The pulse interval was fixed at 200 us

global accumulation time, because the corresponding bins (shown as blue and red near 200
s in the event distribution histogram) lie outside the accumulation window. To address this,
an adaptive accumulation time approach was attempted, with the results shown in the last
two columns of Figure 2.17. The accumulation times for the missing regions were carefully
adjusted based on their local event distribution, from the default 200 us to 270 us in (a) and
220 ps in (b), with the resulting pseudo-images shown in columns 4 and 5 of Figure 2.17.

For both (a) and (b), the reconstructed first frames (column 4) show that previously empty
columns are now populated. However, in (a), the second frame (column 5) now contains fewer
events in the same region, indicating that events resulting from the second laser pulse are
now accumulated on the first frame. This is also clearly illustrated in the event distribution
diagram, where the prominent red bin near 240 us contains events from both pulses. To

further investigate this, the accumulation time was gradually increased in 1 us increments,
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Figure 2.17 Example EBIV pseudo-images in (a) and (b) investigating the feasibility of
adaptive event accumulation. Column 1-2: the first and second frames are reconstructed
using a global accumulation time (equal to the laser pulse interval 200 us). Regions a and b
indicate missing column bands, while ref marks a reference region with no missing columns.
The colormap shows the timestamp at which each column was read out. Column 3: local
event distributions (bin size = 10 us) extracted from each 5-column-wide band (a, b, and
ref). Column 4-5: reconstructed first and second frames using adaptive accumulation. The
event rate in (a) and (b) was ~ 200 ev/us, non-retrievable information loss was not observed

and it was observed that, at certain pixel columns, a significant amount of events associated
with the first and second laser pulses were read out together during the same 1 us time
window. This implies that for these columns, many of the events from both laser pulses
cannot be distinguished temporally, as they have the same time-stamp. This was less evident
in (b), as suggested by the event distribution histogram, which showed clearly distinguishable
groups of bins for each laser pulse. Adaptive accumulation was therefore more effective, as
both frames were successfully recovered with events more evenly distributed across the field
of view, shown in columns 4 and 5.

The corresponding velocity fields from event-based global /adaptive accumulations are com-
pared to a reference velocity field obtained using the sCMOS camera in Figure 2.18. While
both test cases show better agreement with the sCMOS when using adaptive accumulation,
in particular (b), the velocity field in (a) remains incomplete with spurious vectors between

lateral positions z = 0-9 mm. Although this issue could be mitigated by adjusting the delay
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between laser pulses and/or the event rate (with a lower seeding/particle image density),
this can lead to greater measurement uncertainty. Other methods, beyond the scope of the
present work, may therefore need to be explored to identify which events correspond to the
first and second laser pulses and reassign them to their respective pseudo-image. For in-
stance Willert [71] recently proposed an imaging approach that overcomes sensor latency by
using two event cameras (both equipped with the same IMX 636 sensor as used in the present
study), with laser pulses that are orthogonally polarized. This approach effectively decouples
the two event streams, allowing for much shorter pulse intervals, down to 1 us, and enabling

reliable velocity measurements at flow speeds up to 180 m/s.

Global Adaptive

acc. time

€ o,

1;%
N
[

B g 20 AP,

)

\‘. Tl
N
)

L
=
w

Velocity magnitude [m/s]

~_~
=3
-’
y [mm]

H
o
Velocity magnitude [m/s]

o
]

o
<)

Figure 2.18 Event-based velocity fields obtained using global and adaptive accumulation
times compared to a reference sSCMOS camera for test cases (a) and (b) from Figure 2.17

2.5 Conclusion

In this work, we developed and demonstrated an experimental methodology to characterize
the measurement capabilities of event cameras for PIV applications with pulsed illumination.
Characterization experiments using a water/alumina particle suspension flowing in a cuvette
were conducted to first asses the event camera’s response to a single laser pulse. It was found
that the event camera’s latency does not remain constant and is affected by the number
of events instantly and simultaneously generated by laser illumination. Additionally, non-

retrievable information loss was observed row-wise due to saturation in the readout interface,
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appearing at event rates above 400 events/us. A performance map was established for the
Prophesee EVK2 event camera in Figure 2.6(b), based on which users may determine the
maximum event rate (without saturation) in order to set an accumulation time suitable for
applying PIV to the desired velocity measurements. Performance maps can also be produced
for other event cameras following the same methodology.

Key variables including laser energy, particle image density, particle image size, and contrast
threshold were further investigated to explore their effects on the event rate. The applicable
range of particle image density for PIV and PTV was defined based on values reported in
the literature. Results suggested that for EBIV, particle image densities between 0.0037-0.03
ppp ensured a robust velocity measurement without skipped/unrecorded rows/columns or
spurious vectors. Additionally, adjusting the contrast threshold proved to be an effective
way of controlling particle detection, offering a practical alternative to physically changing
the seeding density.

Double pulsed EBIV was then conducted in an air jet seeded with the same alumina particles
used in the cuvette to quantify the velocity dynamic range. The trade-off among the laser
pulse interval (velocity dynamic range), particle image density, and robustness of the velocity
field was investigated at various jet velocities and seeding densities. A reliable PIV velocity
field was obtained with particle image densities from 0.018 ppp which leads to a maximum
measurable velocity of roughly 0.03 px/us (equivalent to 1.8 m/s in the current setup) with
a measurement uncertainty of 0.3 px.

It was further observed that, although events are generated at individual pixels indepen-
dently and asynchronously following laser illumination, the readout interface processes them
row/column-wise, causing pixel asynchronicity to be lost. This becomes more significant
when many events are being generated in a short time. When the delay between laser pulses
is shorter than the camera’s latency, a non-negligible amount of events from the first and
second laser pulses are read out together and assigned identical timestamps. As a result,
these events cannot be separated and allocated to their corresponding pseudo-image solely
based on the timestamp, since they appear indistinguishable in time, despite originating
from different laser pulses. This issue therefore cannot be fully resolved using the proposed
adaptive accumulation time approach, indicating that other methods may need to be further
explored, such as the two-camera imaging solution demonstrated by Willert [71].

Although EBIV has yet to achieve the velocity dynamic range and measurement uncertainty
of conventional PIV with frame-based sCMOS or CCD cameras, the low cost, flexibility, and
significantly reduced data stream of event cameras make them a promising option worth
further investigation for flow visualization. With the rapid development of event-based tech-

nology with higher data bandwidth and shorter latency, the proposed methodology could
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contribute to establishing standardized calibration procedures and practical guidelines for

EBIV using next generation cameras.
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CHAPTER 3 CONCLUSION

The objective of this research was to develop a methodology to characterize how latency
and bandwidth limitations in event cameras affect the velocity dynamic range in event-based

velocimetry, specifically pulsed Particle Image Velocimetry (PIV).

3.1 Summary of Works

The work presented in Chapter 2 addressed the objectives outlined in Section 1.6.2 by con-
ducting a series of experiments and analyses, as described below:

A pulsed PIV experiment was conducted using a water cuvette seeded with particles and
illuminated by a laser sheet. This setup allowed to characterize the latency and bandwidth
limitations of the event camera, two key constraints previously identified in the literature as
limiting factors for event-based velocimetry. By systematically varying the event rate, the
latency behavior of the sensor could be identified. These findings are essential for deter-
mining the velocity measurement range, as latency directly limits the temporal resolution,
specifically, the minimum time interval between laser pulses in a PIV measurement.

Using the same setup, the influence of key PIV parameters was investigated, including laser
energy and particle image density, as well as user-defined event camera settings such as
the contrast threshold, all of which affect event generation. To validate the results and
benchmark the event camera’s performance, comparative measurements were conducted using
a conventional PIV frame-based camera.

As a result, a performance map summarizing the sensor’s velocity measurement limits in
terms of accumulation time, which is the minimum allowable time between pulses, was pro-
duced. This accumulation time is directly related to the camera’s latency. For each of the
tested accumulation times, the maximum permissible event rate before significant informa-
tion loss occurred due to bandwidth saturation was determined. In addition, PIV velocity
fields were computed for various seeding densities, allowing to define a suitable particle image
density range for reliable event-based PIV measurements, supported by findings reported in
the literature.

To demonstrate the applicability of the results obtained in the water cuvette, PIV experiments
were conducted using a seeded air jet, following the pulsed-EBIV methodology proposed by
Willert [37]. The measurements were compared against those of a conventional Andor Zyla
5.5 PIV camera. Several flow velocities and pulse intervals were tested, and the seeding
density was also varied. The quality of the resulting velocity fields was consistent with the

produced performance map previously established in the water-based experiments for each
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pulse interval. The maximum measurable velocity under the tested conditions was 0.03 px/us
(1.8 m/s).

These results confirm that event cameras are a viable and cost-effective alternative for fluid
velocimetry. However, their current operational limits still constrain their use in high-speed
flows and high-resolution PIV applications. Despite these limitations, event camera technol-
ogy is evolving rapidly, with newer sensors offering increasingly improved specifications. In
this context, the proposed characterization methodology becomes essential for evaluating the

suitability of emerging event cameras for PIV applications.

3.2 Limitations

The proposed methodology for characterizing latency and bandwidth for PIV is easy to repli-
cate for any event camera, requiring only a basic pulsed PIV experimental setup. However,
the specific results presented in this study are not generalizable to all event cameras and are
specific to the Sony IMX636 sensor. As event camera technology is evolving rapidly, with
frequent updates in specifications, any new sensor should be independently characterized
using the same methodology to ensure accurate performance assessment.

Due to the nature of the readout process in event cameras, the number of active pixels
significantly influences the maximum event rate that can be sustained without data loss.
In this study, the characterization was performed using the full sensor field of view. If a
significantly smaller region of interest (ROI) is used, the bandwidth behavior may change,

and the characterization should be repeated under those specific conditions.

3.3 Future Research

Future studies could explore the use of continuous-wave (CW) laser illumination to evaluate
how event cameras perform under different lighting conditions in velocimetry. This would
provide a broader understanding of how latency and bandwidth constraints influence perfor-
mance in CW configurations, and whether the high temporal resolution of event cameras can
be used more effectively under such conditions.

In the PIV experiments conducted in this thesis, when the event rate exceeded the defined
maximum usable value for the used pulse interval, but remained below the non-retrievable
information loss threshold (400 events/us), some events from the first pulse were not fully
processed in time and leaked into the second pulse. Separating these events based on their
timestamps was attempted, but they were read out at the exact same microsecond and
could not be distinguished temporally. A promising direction for future research would be to

explore methods for separating overlapping events spatio-temporally. This could significantly



improve the usable velocity range and expand the potential of event-based velocimetry.
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