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Abstract

Table tennis is a fast-paced sport requiring precise perception and agility
to win a game. This makes table tennis an ideal test bed for robotic re-
search. Thus, it is no surprise that in the past years, more research groups
have started developing perception and control algorithms for table ten-
nis playing robots. So far, all the table tennis robots in the literature use
frame-based cameras for their perception pipeline. Given decades of re-
search, mature algorithms for frame-based cameras are available. How-
ever, frame-based cameras face a limit in very dynamic scenes. The mo-
tion blur present in frames can lead to decreased accuracy or failure of
frame-based pipelines. One way to counteract this is to reduce the ex-
posure time and use frame-based cameras with a high frame rate. While
this is fine from the sensor’s perspective, it shifts the bottleneck to the
algorithm, which now has to process more data at the same time. An-
other approach is using event-based cameras. These novel sensors report
changes in illumination intensity with so-called events for every pixel in-
dependently and asynchronously. This leads to an event stream with low
latency, a temporal resolution of µs, a high dynamic range, and data spar-
sity. Event-based cameras are thus an interesting sensor for table tennis
robots with the potential to overcome the shortfalls of frame-based cam-
eras.

However, event-based cameras output a stream of events, each contain-
ing the pixel’s position, a time stamp, and the polarity of the intensity
change. Therefore, the output of an event-based camera can not be pro-
cessed by existing computer vision pipelines that use frames as input. In
this PhD thesis, Event-Based Computer Vision for Fast Robot Control,
we analyzed, developed, and evaluated event-based computer vision algo-
rithms for the perception pipeline of a table tennis robot. Our contribu-
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tions show that event-based computer vision can overcome the limitations
of frame-based cameras. We show that an event-based ball detector can
achieve an update rate more than an order of magnitude higher than a
frame-based pipeline. This can help reduce the uncertainties of the pre-
dicted trajectory and the ball’s spin, which is beneficial for robot control.
The event-based spin estimation algorithm developed here delivers im-
proved accuracy for fast-spinning balls, making it particularly valuable
for challenging table tennis rallies where precise spin estimates are cru-
cial.

In addition to these more table tennis-related contributions to percep-
tion, we also developed algorithms that are prerequisites for deploying
event-based cameras in multi-view scenarios and in combination with
frame-based cameras. These contributions are a calibration framework for
wide-baseline camera systems with frame-based and event-based cameras
and a benchmark for tuning the settings of an event-based camera.
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Kurzfassung

Tischtennis ist ein dynamischer Sport, der präzise Wahrnehmung und ho-
he Agilität erfordert, um ein Spiel zu gewinnen. Diese Eigenschaften ma-
chen Tischtennis zu einer idealen Testumgebung für die Robotikforschung.
Es ist daher wenig überraschend, dass in den vergangenen Jahren vermehrt
Forschungsgruppen Wahrnehmungs- und Steuerungsalgorithmen für tisch-
tennisspielende Roboter entwickelt haben. Bisher setzen alle in der Li-
teratur beschriebenen Tischtennisroboter auf bildbasierte Kameras inner-
halb ihrer Wahrnehmungspipeline. Aufgrund jahrzehntelanger Forschung
stehen hierfür ausgereifte Algorithmen zur Verfügung. Allerdings stoßen
bildbasierte Kameras in hochdynamischen Szenen an ihre Grenzen: Be-
wegungsunschärfe kann die Genauigkeit der Bildauswertung erheblich
verringern oder sogar zum Versagen der gesamten Pipeline führen. Eine
Möglichkeit zur Minderung dieser Problematik besteht darin, die Belich-
tungszeit zu verkürzen und Kameras mit hoher Bildfrequenz einzusetzen.
Während dies aus Sensortechnischer Sicht vorteilhaft ist, verschiebt sich
die Hauptbelastung auf die Algorithmen, die eine deutlich größere Da-
tenmenge in kürzerer Zeit verarbeiten müssen. Eine alternative Lösung
stellt der Einsatz von Event-basierten Kameras dar. Diese neuartigen Sen-
soren detektieren Änderungen der Beleuchtungsintensität unabhängig und
asynchron für jedes Pixel einzeln. Daraus resultiert ein Event-Stream mit
geringer Latenz, einer zeitlichen Auflösung im Mikrosekundenbereich, ei-
nem hohen Dynamikbereich sowie einer ausgeprägten Datensparsamkeit.
Event-basierte Kameras sind daher ein vielversprechender Sensortyp für
Tischtennisroboter und bieten das Potenzial, die Limitierungen bildbasier-
ter Kameras zu überwinden.

Allerdings liefern Event-basierte Kameras keine konventionellen Bil-
der, sondern einen kontinuierlichen Stream einzelner Events, bestehend
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Kurzfassung

aus Pixelposition, Zeitstempel und Polarität der Helligkeitsänderung. Da-
her können bestehende Verfahren der Bildverarbeitung, die auf der Ver-
arbeitung von Einzelbildern basieren, nicht direkt angewendet werden. In
dieser Dissertation, Event-Based Computer Vision for Fast Robot Control,
wurden Event-basierte Algorithmen für die Wahrnehmungspipeline ei-
nes Tischtennisroboters analysiert, entwickelt und evaluiert. Die Beiträge
dieser Arbeit zeigen, dass ereignisbasierte Bildverarbeitung die Grenzen
bildbasierter Ansätze überwinden kann. Es wird demonstriert, dass ein
Event-basierter Balldetektor eine Aktualisierungsrate erreicht, die mehr
als eine Größenordnung über der bildbasierter Pipelines liegt. Dadurch
können Unsicherheiten in der Vorhersage der Balltrajektorie sowie des
Ballspins reduziert werden, was die Leistungsfähigkeit der Robotersteue-
rung erheblich verbessert. Der im Rahmen dieser Arbeit entwickelte Algo-
rithmus zur Spin-Schätzung auf Basis Event-basierten Daten ermöglicht
zudem eine erhöhte Genauigkeit insbesondere bei schnell rotierenden Bällen
und ist somit von besonderem Wert für anspruchsvolle Spielsituationen im
Tischtennis, in denen präzise Spin-Schätzungen entscheidend sind.

Neben diesen spezifischen Beiträgen im Bereich der Wahrnehmung für
Tischtennisroboter wurden in dieser Arbeit auch grundlegende Algorith-
men entwickelt, die den Einsatz Event-basierten Kameras in Multikamera-
Szenarien sowie in Kombination mit bildbasierten Kameras ermöglichen.
Dazu zählen ein Kalibrierungsframework für Kamerasysteme mit großer
Basislinie, bestehend aus bildbasierten und ereignisbasierten Kameras, so-
wie ein Benchmark zur Optimierung der Sensoreinstellungen ereignisba-
sierter Kameras.
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Chapter 1

Introduction

Table tennis robots have gained an increased amount of interest in the re-
search community. This is evident, given the number of published works
in recent years (Gomez-Gonzalez et al., 2019; Tebbe et al., 2019; Ding
et al., 2022; D'Ambrosio et al., 2023; D’Ambrosio et al., 2024). The main
reason is that table tennis robots are an ideal use case to push perception
and control algorithms to their limits. The fast-paced sport does indeed
present a challenge for the robotics system. Presently, the best table ten-
nis robots are not yet able to compete with professional players, but can
compete with amateurs and players with intermediate levels (D’Ambrosio
et al., 2024).

So far, all table tennis robots have used conventional, frame-based cam-
eras for their perception pipeline. From decades of research, there exist
mature algorithms for frame-based cameras. However, motion blur can
render the task of ball detection difficult. One way to counteract this is by
using a shorter exposure time and high frame-rate cameras. While having
more frames per second allows algorithms to detect the flying table tennis
ball more frequently, this also increases shot noise, power consumption,
and the computational requirements. Therefore, the bottleneck is shifted
from the sensor to the algorithm.

An alternative approach is to use event-based cameras. Event-based
cameras (Gallego et al., 2022) do not record all the pixels at a fixed fre-
quency, but they report the change in illumination intensity for every pixel
independently and asynchronously, visualized in Fig. 1.1. This results in
an event stream with very low latency and a time resolution on the order of
µs. Since only changes in intensity are registered, static parts of the scene
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Chapter 1 Introduction

Figure 1.1: A visualization of the working principle of an event-based camera (Event
Camera) compared to a frame-based camera (Standard Camera). While a frame-based
camera records frames at a fixed interval, an event-based camera records a stream of
events. Event-based cameras offer non-redundant data output, only informative pixels
or no events. Red and blue dots represent ON and OFF events, respectively. Taken
from Kim et al. (2016).

do not trigger events, which leads to a reduced level of data redundancy.
Additionally, due to the logarithmic nature of the pixel’s photo-diode cir-
cuit, the event-based camera also has a high dynamic range, making them
able to operate on a broad range of illuminations.

This makes the event-based camera a good fit for the perception pipeline
of table tennis robots. In the following, we further motivate this PhD thesis
and highlight the most important work this thesis is built on.

1.1 Motivation

With this thesis, Event-Based Vision for Fast Robot Control, we investi-
gate how event-based computer vision can be used to control a table tennis
robot, a system where fast processing times are crucial.

This thesis examines several previous systems and technologies. In the
following, we describe the table tennis robot used in Section 1.1.1 and
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1.1 Motivation

introduce event-based computer vision in Section 1.1.2. In Section 1.1.3,
we will give an overview of how we can combine event-based computer
vision with the existing table tennis robot.

1.1.1 A table tennis robot system

The context of this thesis is a previously developed table tennis robot sys-
tem (Tebbe et al., 2019). This table tennis robot system has a high accu-
racy of vision detection and a fast robot reaction. It is based on an indus-
trial KUKA Agilus R900 sixx robot with 6 DOF, shown in Fig. 1.2. Four
frame-based cameras are used for ball position detection at 150 fps. To

Event-based camera 1
Event-based camera 2

Event stream Event stream

Figure 1.2: Our table tennis robot setup, consisting of a KUKA Agilus R900 sixx robot
arm, four frame-based cameras (not visible in this picture), and two Prophesee EVKv4
event-based cameras. The two visualized event streams give a sense of the output of the
event-based camera.
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detect the flying ball with higher velocities in real-time, color and back-
ground thresholding are combined. This robot system is able to play ral-
lies with a human counting up to 50 consecutive strokes and has a general
hitting rate of 87%.

1.1.2 Event-based computer vision

Event-based cameras are bio-inspired sensors that differ from conven-
tional frame cameras: Instead of capturing images at a fixed rate, they
asynchronously measure per-pixel brightness changes and output a stream
of events that encode the time, location, and sign of the brightness changes (Gal-
lego et al., 2022). Event-based cameras offer attractive properties com-
pared to traditional cameras: high temporal resolution (on the order of
µs), very high dynamic range (140 dB vs. 60 dB), low power consump-
tion, and high pixel bandwidth (on the order of kHz) resulting in reduced
motion blur, as shown in Fig. 1.1. Hence, event cameras have great poten-
tial for robotics and computer vision applications.

1.1.3 Event-based computer vision for fast robot control

The table tennis robot system mentioned earlier is an ideal platform for
investigating the capabilities of event-based computer vision in a time-
constrained environment.

Thus, in this thesis, we developed algorithms that take an event stream
from statically mounted event-based cameras, visualized in Fig. 1.2, as
input to get the same output as the frame-based perception system of the
mentioned table tennis robot. Taking advantage of the beneficial proper-
ties of event-based cameras, we investigate whether event-based computer
vision can achieve the same level of accuracy as the perception system
based on conventional frame-based cameras. Furthermore, we investi-
gated whether event-based computer vision provides benefits over conven-
tional frame-based computer vision. Therefore, we analyzed how much
the existing table tennis robot system can be improved using these novel
kind of sensors and algorithms for perception.
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The two main states that the perception system estimates are the position
and the spin of the table tennis ball. Given enough 3D ball positions, the
ball’s trajectory can be predicted and used for robot control. The main
focus of this PhD thesis is, therefore, event-based ball detection and spin
estimation, given the system’s temporal constraints. Using the advantages
of event-based cameras, the potential benefits of such a perception system
are the following:

Asynchronous data: Event-based cameras produce a stream of events as
opposed to frame-based cameras, which sample the intensity of all the
pixels at a given framerate. The asynchronous event stream allows us to
constantly estimate the ball’s position and spin, which should result in a
smoother trajectory estimate. This can help the robot control part of the
system since smoother trajectories could lead to faster convergence of the
estimated hitting point.

Higher temporal resolution: Since timing is crucial in our use case, having
position and spin estimates faster than with the frame-based perception
system can give the robot control part more time. This could lead to a
more accurate hitting point since the path planning and robot arm trajec-
tory optimization have a more significant time budget.

1.2 Related Work

As explained in Section 1.1, this PhD thesis focuses on the perception part
of a table tennis robot system. Therefore, we will not cover the literature
on robot arm control.

The related work is split into multiple parts. We start with the related
work on event-based camera simulation in Section 1.2.1. Although this
is not the main topic of this thesis, our contribution of a real-time capa-
ble event simulator does fit within the theme of this PhD thesis. We will
then briefly cover event-based and multi-modal camera calibration in Sec-
tion 1.2.2. To work with our multi-modal wide baseline camera setup, we
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had to develop our own camera calibration approach since the literature so
far did not present any suitable method for our use case. For event-based
cameras, tuning the settings, called biases, is crucial for any downstream
application. In this thesis, we developed an algorithm to tune the biases
of an event-based camera automatically. Therefore, we also briefly cover
the related work on automatic bias tuning in Section 1.2.3. We will then
cover the main research directions: ball detection, in Section 1.2.4, and
spin estimation, in Section 1.2.5.

1.2.1 Event-based camera simulation

Event-based cameras are expensive sensors with a price tag of several
thousand Euros. This is one of the motivations why event simulators are
popular. A second, more technical reason is that simulators allow to gen-
erate a large amount of data relatively quickly from abundant video se-
quences. This allows the development of learning-based algorithms that
rely on vast amounts of data, whether frame-based or event-based data.

One of the first event simulators was described in Kaiser et al. (2016).
This event simulator subtracts consecutive frames and afterward applies a
threshold to retain only pixels with a significant difference. The approach
in Nehvi et al. (2021) is also based on subtracting frames. However, their
contribution is the differentiability of the event simulator, which is needed
for backpropagation. Approaches such as Mueggler et al. (2017); Li et al.
(2018); Radomski et al. (2021) use a rendering engine to generate syn-
thetic images from a 3D scene.

In Rebecq et al. (2018), the authors developed an event simulator tightly
coupled with the rendering engine to adaptively sample the visual signal
from the virtual camera sensor along a given camera trajectory. This al-
lows the generation of simulated events asynchronously, whereas previous
simulators only provide synchronous events. This approach also simulates
some linear noise but neglects non-linear noise. In Gehrig et al. (2020),
the authors extended their previous work (Rebecq et al., 2018) by combin-
ing it with a frame interpolation method to generate events from videos.
Compared to previous work, Hu et al. (2021) includes more realistic noise
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models and, therefore, comes closer to the output of real event cameras.
In Joubert et al. (2021), the authors go one step further and add several
improvements and additions. The model notably improves the noise sim-
ulation by directly mapping noise distributions from real pixels. In an-
other recent approach, the authors developed a GAN-style neural network
to regress an event volume (an event representation) (Zhu et al., 2019).
Two consecutive frames and the corresponding events were given to train
the network. On inference time, only two consecutive frames are needed.
While the approach can approximate the true noise distributions of real
events more accurately, it does not seem to run in real-time, and the out-
put is an event representation and not the events themselves.

Most existing event simulators focus on the simulator’s realistic event
output. This comes at the cost of a high computational load and, therefore,
an increased runtime. For many applications, especially learning-based
solutions, such event simulators are ideal. However, many robotics appli-
cations, especially closed-loop robotic systems, favor real-time capability
over realistic events with accurate noise.

1.2.2 Event-based camera calibration

Since calibration of conventional cameras with printed calibration targets
is a well-established topic with several toolboxes freely and commercially
available (Rehder et al., 2016; Zhang, 1999; Tangram, 2023), we focused
on the calibration of event-based cameras, multi-modal calibration meth-
ods, and wand-based calibration methods.

There are two methodologies for event-based camera calibration: ei-
ther frames are reconstructed from the event stream, and then traditional
calibration methods can be used, or the events are directly used for the
calibration. The first approach was introduced by Muglikar et al. (2021).
In this work, E2VID (Rebecq et al., 2019) is used to reconstruct frames
from the event stream. With the reconstructed frames, the Kalibr calibra-
tion toolbox (Rehder et al., 2016) is used for the calibration, similarly to
conventional cameras. This method has the advantage that both event-
based and frame-based cameras can be calibrated at the same time. The
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frames of the frame-based camera(s) and the events can be recorded syn-
chronously, and then, the reconstructed frames from the event-based cam-
era(s), together with the conventional frames, can be fed into any camera
calibration toolbox. In such a setup, it is important that the event-based
and frame-based cameras are time-synchronized.

Early works on camera calibration for event-based cameras make use of
blinking LED patterns (Mueggler and Gehrig, 2014; Dominguez-Morales
et al., 2019) or blinking screens (Mueggler et al., 2014; VLOGroup, 2017;
Prophesee, 2022) to detect and extract the calibration patterns. Given the
positions of the calibration targets, standard optimization-based methods
can be used for the calibration (Muglikar et al., 2021). Next to the need
for a custom-built calibration target, these methods have the disadvantage
that extrinsic calibration to frame-based cameras is not feasible (Muglikar
et al., 2021). Additionally, and even more importantly, our method allows
for calibrating both sensor modalities together.

In a more recent work, Huang et al. (2021) introduced a dynamic event-
based camera calibration algorithm. The approach directly calibrates,
given events captured during relative motion between the camera and the
calibration pattern. The method is propelled by a novel feature extraction
mechanism for calibration patterns and leverages existing calibration tools
before optimizing all parameters through a multi-segment continuous-
time formulation. Although the calibration approach presented in Huang
et al. (2021) does use a circular pattern, often used for the calibration of
conventional cameras, it is not suited to calibrate event-based and frame-
based cameras simultaneously.

While most of the camera calibration literature and available calibration
toolboxes use printed calibration targets, there also exist methods that use
a wand as a calibration target (Mitchelson and Hilton, 2003; Shin and
Mun, 2012). Using a wand as a calibration target allows rapid, flexible,
and accurate calibration of multiple camera systems and does not require
the cameras to all face in the same direction or have overlapping fields of
view (Mitchelson and Hilton, 2003). Similar to printed calibration targets,
the position of the wand has to be detected in the frames in the first step.
After the position of the markers on the wand is extracted, an optimization
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algorithm estimates the intrinsics and extrinsics of the camera system by
minimizing the reprojection error. While these methods were successfully
applied to multi-camera systems with frame-based cameras, none of them
could be used with event-based cameras directly.

1.2.3 Bias tuning for event cameras

As with any camera, the output quality depends on how well the cam-
era’s settings, called biases for event-based cameras, are configured. The
biases of event-based cameras refer to a set of programmable current
and voltage parameters that govern how each pixel in the sensor reacts
to light changes. These biases critically shape the sensor’s behavior in
terms of sensitivity, bandwidth, noise characteristics, and maximum event
rate (Graça et al., 2023; Rui Graca et al., 2023). Below is a general
overview of the bias names and their functions, adapted from Prophesee’s
Metavision documentation1.

• bias diff on: Sets the contrast threshold for ON events. Lower val-
ues make the pixel more sensitive to increases in brightness.

• bias diff off: Sets the contrast threshold for OFF events. Lower
values increase sensitivity to decreases in brightness.

• bias refr: Controls the duration the pixel is unresponsive after firing
(prevents back-to-back events).

• bias fo: Controls the low-pass filter. This changes how rapidly fluc-
tuating light is filtered out. It determines the maximum rate of change
of illumination that can be detected.

• bias hpf: Controls the high-pass filter. This determines how slow
illumination change is filtered out. It determines the minimum rate
at which the light must change for the pixel to output an event.

While frame-based cameras have advanced automatic configuration al-
gorithms, there are few such tools for tuning these biases.

1https://docs.prophesee.ai/4.6.2/hw/manuals/biases.html?highlight=bias
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Several papers meticulously document the behavior of the event-based
camera. In Graça et al. (2023), the behavior of the DVS pixels for differ-
ent bias parameters is described through extensive experimentation and
measurements. In addition, the authors proposed a new way to interpret
events as a combination of signal, noise, and leakage. An outline of the
manual bias optimization process is given, and general indications are
proposed for different scenarios. This, and several other papers (Gos-
sard et al., 2024b; Rui Graca et al., 2023), have described the process
of manually finding optimal biases. The most widely used metric in the
literature for rating an event camera’s output is the Event Rate (ER) (Del-
bruck et al., 2021; Nair et al., 2024). However, the ER heavily depends on
the observed scene and is therefore ambiguous when comparing different
scenes.

So far, tuning the biases has had to be done manually. Other works have
simply used the camera’s default settings (Amir et al., 2017) or do not
mention them (Gehrig et al., 2021).

Comparatively, little has been done in the field of automatic bias tuning,
given the plethora of research around event-based computer vision. Mul-
tiple papers (Graça et al., 2023; Gossard et al., 2024b; Nair et al., 2024)
dealing with the problem of finding optimal bias settings have resorted to
measuring and rating the output for a range of different bias settings and
then manually changing these biases.

In Delbruck et al. (2021), the authors presented a closed-loop control
method, representing a first step towards automatic bias tuning, using a
combination of three fixed-step feedback controllers. These feedback con-
trollers take measurements of the ER and noise and regulate them using
all five bias parameters. An optimal range is defined for the ER and the
noise, and a simple algorithm changes the bias values if the two measure-
ments leave their optimal ranges. The ER is regulated by increasing the
thresholds if it is too high and decreasing them if it is too low. The ER is
also limited by increasing the refractory period. The noise is controlled by
adjusting the bandwidth. One limitation is that achieving the optimal bias
setting requires multiple steps. Additionally, each threshold adjustment
can trigger a burst of events, potentially leading to a short-term decline in
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the quality of the event stream with every change.
Another approach, and the most advanced work on the topic of which

we are aware, builds on the same idea but uses a two-part algorithm (Nair
et al., 2024). The algorithm controlling the biases uses two methods: fast
adaptation, which changes the refractory period in order to limit the ER,
and slow adaptation, which consists of changing the thresholds and ad-
justing the low-pass filter if fast adaptation is not enough to limit the ER.
This split into two adaptations is necessary because only the refractory
period does not cause visual artifacts when changed, which is problematic
for the visual place recognition task presented in Nair et al. (2024). This
means that the other three bias parameters should not be changed too of-
ten so as not to cause too much noise. For downstream applications such
as visual(-inertial) odometry, SLAM, or object detection, this could lead
to missing objects or losing track of the trajectory. While this approach is
more advanced, it only considers the ER as a metric for the quality of the
event stream.

1.2.4 Ball detection

Ball detection is a crucial part of a table tennis robot system. There are
already several approaches in the literature (Tebbe et al., 2019; Liu et al.,
2014; Ding et al., 2022; Ji et al., 2021; Gomez-Gonzalez et al., 2019).
However, none of them use event-based cameras.

Compared to learning-based methods, the literature about model-based
object detection with event data is scarce. Although learning-based ap-
proaches have shown state-of-the-art detection accuracy (Perot et al., 2020;
Schaefer et al., 2022; Liu et al., 2024), they have inference times that are
higher than what we need for our use case.

In Glover and Bartolozzi (2017), the authors presented a particle-filter-
based tracking system. Their model assumes a static object, which re-
quires the filter to be updated with a higher frequency than the object
moves. The estimated state is the window size. Within the window size,
events are accumulated, and the object is tracked. Compared to a previous
approach with a Hough-filter (Glover and Bartolozzi, 2016), the particle
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filter also manages to track the object with low velocities (because the
window size is increased in these cases). The particles need a measure-
ment function for the update step, which returns the probability of the
tracked object. In this paper, they tracked a ball and, therefore, developed
a heuristic model for a ball. Other heuristics would need to be developed
to track other objects. The authors in Glover and Bartolozzi (2017) men-
tioned that the size of the ball tends to be underestimated, and a better
measurement function might increase the accuracy.

In Forrai et al. (2023) and Falanga et al. (2020), events are clustered us-
ing DBSCAN to differentiate between the background and independently
moving objects with a motion-compensated mean time stamp image. In
our setup, the cameras are static, and therefore, motion compensation,
which tends to be computationally heavy, is not needed.

1.2.5 Spin estimation

Spin plays a considerable role in table tennis, making a shot’s trajectory
harder to read and predict (Gossard et al., 2023). There is very little lit-
erature on spin estimation for table tennis robots. Only a few works, e.g.,
Tebbe et al. (2020), explicitly estimate the ball’s spin and take it into con-
sideration when having the robot play.

The research on spin estimation conducted by our research group (Tebbe
et al., 2020; Gossard et al., 2023) uses frame-based cameras running at
150 fps. The authors of Nakabayashi et al. (2024) used simulated event
data and the Contrast Maximization (CMax) framework (Gallego et al.,
2019) to show that the spin of a ball can be estimated using event data.
However, relying on simulated data raises the question about the sim-to-
real gap. Another drawback of Nakabayashi et al. (2024) is the fact that it
is an offline method, and therefore, not able to run in a real-time robotic
setup.
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1.3 Problem Statement

Similar to the related work, in Section 1.2, the problem statement is also
split into multiple parts. We start with the problem statement of event-
based camera simulation in Section 1.3.1. We then continue with the
problem description of camera calibration in Section 1.3.2, followed by
the research question on how to tune the biases of an event-based camera
in Section 1.3.3. In Section 1.3.4 we define the ball detection. Afterwards,
the problem of spin estimation is described in Section 1.3.5.

1.3.1 Event-based camera simulation

Event-based cameras are still expensive sensors, with a price tag of sev-
eral thousand Euros for one camera. Simulators are an economical way
to give the research community access to these new sensors. Addition-
ally, simulators allow the generation of synthetic data that can be used for
learning-based applications. The event simulators presented in the litera-
ture showed great performance for learning-based approaches but are too
slow for closed-loop robotic applications.

Research Question 1: Can an event-based camera simulator run in real-
time?

1.3.2 Camera calibration

As already mentioned in Section 1.2.2, camera calibration is a necessary
first step to be able to do research with our multi-camera system.

Research Question 2: How can a multi-modal (frame-based and event-
based) camera system be calibrated in a practical way?

1.3.3 Automatic bias tuning

Similar to camera calibration, optimal bias settings of an event-based cam-
era are essential for a good performance of any downstream application.
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Research Question 3: How can the biases of an event-based camera be
tuned in an automatic fashion?

1.3.4 Ball detection

For the table tennis robot to hit the ball at the right time, position, and
orientation, the trajectory of the ball needs to be estimated. The predicted
trajectory contains the 3D positions {x̃i, ỹi, z̃i} for the time span when the
ball is hit by a player until it touches the racket of the robot. For the trajec-
tory prediction, the so far perceived 3D positions of the table tennis ball
{xi,yi,zi} are needed (Tebbe et al., 2019). Since this problem has already
been solved with frame-based cameras, the focus is on using event-based
computer vision approaches to detect the ball.

Research Question 4: Can a table tennis ball detection system based on
event-based computer vision improve the perception pipeline and, if so,
how much?

1.3.5 Spin estimation

As mentioned in Section 1.2.5, spin estimation can help to better estimate
a ball’s trajectory. In this thesis, we want to use event data to estimate the
ball’s spin.

Research Question 5: Is it possible to estimate the spin of a table tennis
ball given only event data?
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Contributions

This chapter summarizes the key contributions of the papers that are at-
tached in the appendix. It further highlights the connections between the
individual results and refers to related work. In total, this research has
been published in three peer-reviewed conference publications, two peer-
reviewed conference workshop publications, and has led to one journal
paper submission. Additionally, these works led to several open-source
software repositories:

• Real-time event simulation with frame-based cameras

• eWand: A calibration framework for wide baseline frame-based and
event-based camera systems

• Detection of Fast-Moving Objects with Neuromorphic Hardware

• BiasBench: A reproducible benchmark for tuning the biases of event
cameras

2.1 Event-based camera simulation

Event-based cameras are still expensive sensors, with a price tag of several
thousand Euros per camera. For other expensive sensors, such as LIDARs,
simulators are an economical way to make the technology accessible to the
research community. Simulators also have the advantage that data can be
generated quickly and with less effort compared to real sensors. It is thus
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no surprise that event simulators are frequently used for learning-based
applications (Stoffregen et al., 2020; Nakabayashi et al., 2024).

The downside of this is that an accurate event stream is the main goal
of existing event simulators, while runtime is not taken into account in the
design decisions. However, for closed-loop robotic systems, simulators
capable of running in real-time are crucial. Thus, we investigated whether
it is possible to have an event simulator run in real-time and implemented
our ideas as part of this PhD thesis.

2.1.1 Paper Appendix A: Real-time event simulation with
frame-based cameras

Ziegler, A., Teigland, D., Tebbe, J., Gossard, T., and Zell, A. (2023b).
Real-time event simulation with frame-based cameras. In 2023 IEEE In-
ternational Conference on Robotics and Automation (ICRA). IEEE

To generate events between consecutive frames, most event simulators
use frame interpolation, based on optical flow. The current state-of-the-
art optical flow approaches are learning-based pipelines with high accu-
racy. Therefore, most event simulators use a learning-based optical flow
pipeline, e.g., Super SloMo (Jiang et al., 2018). The drawback is that this
optical flow method has long run times, making it unusable for real-time
applications. Indeed, most of the existing event simulators rely on offline
frame interpolation before the actual event generation stage.

The contribution of our work is two-fold: We investigate optical flow
methods running in real-time and use them to develop event simulation
methods; we develop a novel event simulation method that leverages the
sparsity of events in the interpolation to further improve the runtime.

By using the model-based optical flow methods Lucas Kanade (Lu-
cas and Kanade, 1981), Farneback (Farnebäck, 2003), and DIS (Kroeger
et al., 2016), we reduced the runtime by several orders of magnitude while
having comparable statistics for the event stream. Additionally, instead of
interpolating between two consecutive frames, we introduced a difference
frame interpolation approach, in which we interpolate between difference
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frames. Meaning, given frames at the time stamps ti−2, ti−1, and ti, we
subtract the frame at ti−2 from the frame at ti−1 to get a first difference
frame. We subtract the frame at ti−1 from the frame at ti to get a second
difference frame, shown in Fig. 2.1. These difference frames are moti-
vated by events representing the change of intensity and not the absolute
intensity. Difference frames tend to be sparser, especially for scenes with a
low events-per-frame rate, and therefore, interpolating between difference
frames can speed up the event simulation.

These contributions reduced the runtime by several orders of magnitude
while having comparable statistics of the event stream. The results of our
approaches for high events-per-frame data are presented in Fig. 2.2 and
for low events-per-frame data in Fig. 2.3.
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Original Frames

Optical
Flow

Generated
Events

Accumulated
Events

Difference
Frames

Subtraction Subtraction

Interpolation

Interpolated
Difference

Frames

Thresholding

Figure 2.1: The process of the difference frame interpolation method. Given consecutive
camera frames at ti−2, ti−1, and ti, two difference frames are calculated in a first step.
The optical flow between the two difference frames is calculated in the next step. With
this optical flow, additional difference frames can be interpolated. In the last step, the
interpolated difference frames are thresholded to determine all the pixels that should emit
an event and the corresponding polarity of the event. The output is either the events in
tuples of the form <x,y, t, p> with the location of the event (x,y), the time stamp t and
the polarity of the event p or a frame with the accumulated events. Processing steps are
written with italic letters whereas (intermediate) outputs are written with standard letters.
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Runtime comparison [ms] on high event-per-frame data

Figure 2.2: Runtime comparison [ms] on high events-per-frame footage (car in
Zurich (Gehrig et al., 2021)) with a resolution of 640×480 pixels. LK stands for Lucas
Kanade (Lucas and Kanade, 1981). *For vid2e we only measured the time for the event
generation but not for the upsampling due to the time-consuming upsampling. The bars
visualize the mean value and the standard deviation (due to the log scale the standard
deviation is barely visible). The blue line indicates a runtime of 30ms which we consider
as real-time capable in this work.
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Runtime comparison [ms] on low event-per-frame data

Figure 2.3: Runtime comparison [ms] on low events-per-frame footage (table-tennis ball)
with a resolution of 1280×720 pixels. LK stands for Lucas Kanade (Lucas and Kanade,
1981). *Due to memory constraints on the GPU, we had to limit the output for v2e to
640× 420 pixels. **For vid2e, we measured only the time for the event generation but
not for the upsampling due to the time-consuming upsampling. The bars visualize the
mean value and the standard deviation (due to the log scale the standard deviation is
barely visible). The blue line indicates a runtime of 30ms, which we consider as real-
time capable in this work.
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2.2 Camera calibration

2.2 Camera calibration

As mentioned in Section 1.3.4, we want to compare perception pipelines
using event-based cameras with existing frame-based pipelines. Any multi-
camera system needs to be calibrated intrinsically and extrinsically to be
useful for tasks like triangulation. Additionally, it is beneficial to have
only one coordinate system when comparing different perception systems.
Therefore, camera calibration is necessary for conducting our research.

Our multi-camera system, containing frame-based and event-based cam-
eras with wide baselines, is quite unique. Existing solutions are either not
accurate enough or not practical. Therefore, we developed a novel cali-
bration framework as part of this PhD thesis.

2.2.1 Paper Appendix B: eWand: A calibration framework for wide
baseline frame-based and event-based camera systems

Gossard, T., Ziegler, A., Kolmar, L., Tebbe, J., and Zell, A. (2024a). ewand:
A calibration framework for wide baseline frame-based and event-based
camera systems. In 2024 International Conference on Robotics and Au-
tomation (ICRA). IEEE

For frame-based cameras, there is already a plethora of research about
camera calibration, and mature calibration toolboxes are available. Since
event-based cameras are still relatively new, there are few calibration so-
lutions. Existing approaches can be divided into two categories: recon-
structing frames from the event stream and then using existing calibration
frameworks, or using blinking patterns that event-based cameras can de-
tect and then optimizing the reprojection error. Both of these approaches
have their drawbacks.

Generating frames from the event stream is usually done with E2VID (Re-
becq et al., 2019), a deep-learning-based pipeline that generates high-
quality frames but at a high inference time. Thus, the frame generation
is a time-consuming task. On the other hand, using blinking patterns does
not require generating events but is unsuitable for frame-based cameras.
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An additional challenge of our perception system is the wide baselines
between cameras. For the intrinsic calibration, this does not cause a prob-
lem. However, extrinsic calibration makes matters more complicated. For
an accurate extrinsic calibration, the calibration target should cover a sub-
stantial part of the camera’s Field of View (FoV), and this should be for
as many cameras as possible. With baselines between 3 and 5 meters,
this requires a calibration target with dimensions of more than a meter on
each side. To prevent such a bigger calibration target from bending, which
would decrease the accuracy of the calibration, the calibration target has to
be reinforced. This results in a bulky and heavy calibration target, making
the calibration procedure impractical.

Our work contributes threefold. We designed a wand with robust and
accurate markers for frame- and event-based cameras, shown in Fig. 2.4.
We developed detection methods for said markers. Extending a wand-

Figure 2.4: Our eWand, composed of three of our markers.

based extrinsic calibration to event-based cameras enables the extrinsic
calibration of wide-baseline camera systems with both sensor modalities.

With our work, we achieved comparable reprojection errors, listed in Ta-
ble 2.1, and 3D position errors, listed in Table 2.2, while significantly
reducing the time needed for the calibration procedure.
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2.3 Automatic bias tuning

Camera BA eWand (our) kalibr (circleboard) kalibr (checkerboard) BA circleboard BA checkerboard
frame 0 0.325±0.257 0.274±0.060 0.390±0.325 0.218±0.219 0.225±0.204
frame 1 0.320±0.271 0.311±0.070 0.398±0.335 0.201±0.178 0.201±0.185
frame 2 0.401±0.361 0.168±0.072 0.320±0.320 0.178±0.178 0.213±0.193
frame 3 0.396±0.389 0.159±0.062 0.301±0.243 0.199±0.188 0.180±0.165
event 0 0.603±0.448 0.269±0.068 0.513±0.396 0.398±0.365 0.459±0.363
event 1 0.550±0.431 0.295±0.070 0.515±0.405 0.469±0.447 0.402±0.370

Table 2.1: Reprojection error (MAE) in pixels (mean and std.) for each calibration ap-
proach and camera, after the calibration. ”BA” represents the bundle adjustment ap-
proach using OpenCV and Ceres.

Method 3D positional error [mm] (mean and std)
BA (checkerboard) 47.0±35.8
BA (circleboard) 84.9±35.8
kalibr (checkerboard) 8.4±10.5
kalibr (circleboard) 8.6±10.4
BA eWand (our) 9.3±10.4

Table 2.2: The 3D position MAE [mm] (mean and std) of the different calibration meth-
ods. ”BA” represents the bundle adjustment approach using OpenCV and Ceres.

2.3 Automatic bias tuning

For a camera to produce optimal output, its settings should be adjusted to
the scene to be recorded. Event-based cameras are configured through five
parameters, commonly referred to as biases, which govern event detection
thresholds and signal filtering. These five biases are the ON and OFF
thresholds for the event generation, the cut-off frequencies for a low- and
high-pass filter, and the refractory period, which defines the dead time
after a pixel has generated an event. While frame-based cameras have
advanced automatic configuration algorithms, few such tools for tuning
these biases exist.

Tuning these biases is necessary for downstream applications where a
good signal-to-noise ratio is crucial. Manually tuning the biases is labori-
ous and requires expertise. To alleviate this, we created a benchmark and
a first baseline algorithm for tuning the biases of event cameras as part of
this PhD thesis.

23



Chapter 2 Contributions

2.3.1 Paper Appendix C: BiasBench: A reproducible benchmark for
tuning the biases of event cameras

Ziegler, A., Joseph, D., Gossard, T., Moldovan, E., and Zell, A. (2025a).
Biasbench: A reproducible benchmark for tuning the biases of event cam-
eras. In 2025 IEEE/CVF Conference on Computer Vision and Pattern
Recognition Workshops (CVPRW). IEEE

Bias tuning is a well-known challenge for researchers and practitioners
working with event-based cameras and not relying on existing datasets.
Although some work relies on the Event Rate (ER) to quantify the quality
of an event stream (Delbruck et al., 2021; Nair et al., 2024), this does not
transfer well between scenes. The ER can vary greatly depending on the
dynamics in a scene and the amount of noise.

To develop algorithms for automatic bias tuning, a reproducible setup is
needed where the effects of different settings can be evaluated. Recreating
the same real-world recording setup in various research labs is difficult to
achieve. As for other applications, event simulators could be considered
as an option. However, the sim2real gap could cause problems, mainly
because the biases depend on the electric circuit and the pixel design of
the event camera, which are not accurately modeled in available event
simulators. Therefore, we created a benchmarking dataset covering three
different scenarios and a quality metric for each. Furthermore, we in-
troduced an initial baseline algorithm for tuning the two most commonly
used biases, the ON and OFF thresholds (controlling the sensitivity of the
positive and the negative events, respectively), leveraging our dataset to
enable online bias optimization.

2.4 Event-based ball detection

As stated in Section 1.3.4, one main contribution of this PhD thesis is an
event-based perception pipeline for a table tennis robot. The first part of
the perception pipeline of a table tennis robot is usually a ball detector.
Detecting the ball in multiple calibrated cameras allows us to triangulate
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2.4 Event-based ball detection

the 3D position of the ball. With consecutive 3D ball positions, the tra-
jectory of the ball can be predicted. In this PhD thesis, we developed
two ball detection approaches. One classical, model-based approach and
a learning-based approach which makes use of Spiking Neural Networks
(SNNs) on Neuromorphic Hardware.

2.4.1 Paper Appendix F: An Event-Based Perception Pipeline for a
Table Tennis Robot

Ziegler, A., Gossard, T., Glover, A., and Zell, A. (2025c). An event-based
perception pipeline for a table tennis robot. IEEE Robotics and Automa-
tion Letters. to be submitted

Using event-based cameras for any computer vision or robotics tasks poses
the question of which event representation to use. Many algorithms rely
on some 2D representation since this is the common case for frame-based
computer vision. With the events containing four dimensions (the spatial
coordinates x and y, a time stamp t, and the polarity of the event p), the
question is which information do we want to keep and which can we omit
in a 2D representation. The next question is how to use the event data;
there is a trade-off between processing events event-by-event and process-
ing batches-of-events. While a single event does not contain enough in-
formation to be useful, processing it is usually fast. On the other hand,
event batches contain enough information, but batching introduces a la-
tency, and processing batches tends to be more time-consuming compared
to single events.

An event representation that supports such an event-by-event update,
without the need to recompute the whole representation, is the EROS
event representation, used in Glover et al. (2024). EROS provides a co-
herent and bound spatial representation of the asynchronous events, par-
tially maintaining information about their temporal order and attempts to
capture the most up-to-date position of edges in the scene (Glover et al.,
2022).

Using EROS allows us to use the best of processing events event-by-
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event and in batches-of-events. We do this by running two threads simul-
taneously. In the first thread, our perception pipeline processes the in-
coming events. It updates the EROS event surface event-by-event, shown
in Fig. 2.5. In the second thread, the ball detection runs as-fast-as-possible,
shown in Fig. 2.6.

Event-based camera Raw events
EROS event

surface

Thread 1: event-by-event asynchronous updates

Figure 2.5: The first thread of our event-based perception pipeline. We process the in-
coming event and update the EROS event surface event-by-event.

EROS event surface

Ball Detector Initial ball
position

Initialization

Extracted EROS event surface
from ROI

Ball Detector New ball
position

Ball Detection

Initial ball
position

Upate position of ROI

Thread 2: Asynchronous as-fast-as-possible ball detection

Figure 2.6: The second thread of our event-based perception pipeline. We initialize the
Region of Interest (ROI) of the ball and, afterward, detect the ball within the ROI as-fast-
as-possible.

With this approach, we achieve an update rate several orders of mag-
nitude higher than frame-based pipelines while achieving a similar accu-
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2.4 Event-based ball detection

racy, reported in Table 2.3. We showed that the higher update rate results

Method UR [updates/s] RT [ms] E [pixels] IoU
FB baseline 149.0Hz* 0.8 (2.2) 1.32 △
EB median filter bl (1.38±0.12)×104 0.00008 (1.1) 2.90±1.60 †
EB particle filter bl (3.49±0.40)×103 0.7 (1.0) 2.93±1.13 0.55±0.08
EB pipeline (4.14±0.10)×103 0.1 (0.66) 1.34±0.79 0.78±0.11
Table 2.3: ’FB’ stands for frame-based, ’EB’ for event-based, ’bl’ for baseline, ’UR’ for
update rate, ’RT’ for average runtime, and ’E’ for error. The result of the FB baseline is
taken from Tebbe et al. (2019). The EB particle filter bl is a re-implementation of Glover
and Bartolozzi (2017). The average run time in brackets is during the initialization. ∗
Since the updates of the frame-based baseline are synchronous, in comparison to the
asynchronous event-based pipelines, we report the result in Hz. △The authors in Tebbe
et al. (2019) did not provide IoU results. †The event-based median filter baseline only
provides the position, and therefore, it is not possible to calculate the IoU.

in lower estimated position, velocity, and spin uncertainties. This is bene-
ficial for the path planning and robot control of a table tennis robot, which
has to be fast to rally the ball back successfully.

2.4.2 Paper Appendix D: Detection of Fast-Moving Objects with
Neuromorphic Hardware

Ziegler, A., Vetter, K., Gossard, T., Tebbe, J., Otte, S., and Zell, A. (2025b).
Detection of fast-moving objects with neuromorphic hardware. In 2025
International Conference on Robotics and Automation (ICRA). IEEE

The events from an event-based camera match with the spike format of
Spiking Neural Networks (SNNs). SNNs mimic the spiking behavior of
biological neurons, offering a biologically inspired approach to Neural
Network (NN) computation. Unlike traditional artificial neurons that pro-
duce real-valued outputs, spiking neurons receive input spikes and inte-
grate them in the state of the neuron, called membrane potential. When
the neuron’s membrane potential reaches a defined threshold, the neuron
emits a spike that propagates through the network, and resets its mem-
brane potential.
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With the availability of more computing power from GPUs, it became
feasible to train and simulate SNNs for real-world tasks. However, sim-
ulating SNNs is inefficient on GPUs since the Neuromorphic Computing
(NC) paradigm is fundamentally different. Therefore, running SNNs on
GPUs, though possible, is not a reasonable option for real-world applica-
tions, especially not for real-time robotics applications. In contrast, neu-
romorphic hardware, specifically designed for efficient SNN processing,
can leverage the sparsity and binary nature of SNN outputs, drastically
reducing power consumption and latency compared to conventional NNs.

In this work, we explored the combination of an event-based camera and
SNNs for object detection and their deployment on neuromorphic edge
devices. We analyzed the potential benefits of this fusion and discussed
the limitations of such deployment.

Three different SNN frameworks, namely sinabs, MetaTF, and Lava,
and a corresponding neuromorphic edge device (DynapCNN, Akida, and
Loihi2) were used, and their errors, time per forward pass, inference time,
and power consumption were compared. The results are listed in Table 2.4
and Table 2.5. Moreover, we show that an SNN on a neuromorphic hard-

Framework Sim Hardware Steps Error [pixel] One forward pass [ms]
BrainChip ✓ 15 (1) 1.44 ± 1.41 1.75 ± 0.82
sinabs ✓ 8 (1) 1.55 ± 1.89 1.59 ± 1.61
Lava ✓ 20 1.57 ± 1.55 1764.89 ± 1374.36
BrainChip Akida 15 (1) 1.44 ± 1.41 2.20 ± 0.35
sinabs DynapCNN 8 1.59 ± 1.83 46.04 ± 21.38
Lava Loihi2 20 1.57 ± 1.55 1458.57 ± 230.500
TensorFlow RTX 2080 Ti - 3.55 ± 1.49 3.49 ± 0.62

Table 2.4: Ball center error and time per forward pass of the different SNN frameworks
and on their corresponding neuromorphic edge device. Steps indicate how many time
steps were used for one inference pass. The results are reported with mean and standard
deviation over multiple runs.

ware is able to run in a challenging table tennis robot setup in real-time.
Despite the promise of asynchronous processing with SNNs, the current
edge devices face limitations, primarily attributed to hardware integration.

28



2.5 Event-based spin estimation

Device One forward pass [ms] Inference time [ms] Power consumption [mW]
Akida 2.20 ± 0.35 0.89 ± 0.28 ∼ 4.5
DynapCNN 46.04 ± 1.38† 0.82 ± 0.24 ∼ 5∗

Loihi2 1458.57 ± 230.50 0.62 ± 0.01 ∼ 100∗

RTX 2080 Ti 3.49 ± 0.62 1.77 ± 0.28 ∼ 250000∗

Table 2.5: Total time per forward pass and inference time of the different neuromorphic
edge devices with mean and standard deviation over 10 runs, and the power consumption.
†Processing one input on the DynapCNN takes an average of 1.765ms, but with delays
from the USB connection, the time for a forward pass is significantly longer. ∗Taken
from specs.

2.5 Event-based spin estimation

While not every table tennis robot is using spin information explicitly (Ji
et al., 2021; D'Ambrosio et al., 2023), previous research has shown that it
is beneficial to model and perceive the spin of the ball (Tebbe et al., 2019;
Gossard et al., 2023). Thus, spin estimation is often seen as the second
major part of the perception pipeline of a table tennis robot. As with event-
based ball detection, we also investigate event-based spin estimation as
part of this PhD thesis.

2.5.1 Paper Appendix E: Table tennis ball spin estimation with an
event camera

Gossard, T., Krismer, J., Ziegler, A., Tebbe, J., and Zell, A. (2024b). Table
tennis ball spin estimation with an event camera. In 2024 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition Workshops (CVPRW),
page 3347–3356. IEEE

Spin plays a pivotal role in ball-based sports. The fact that spin cannot be
observed directly makes its estimation challenging. Among the different
spin estimation approaches, logo-based spin estimation achieves the high-
est accuracy (Gossard et al., 2023). Due to motion blur, the combination
of high velocity and spin in table tennis renders conventional frame-based
cameras inadequate for quickly and accurately observing the ball’s logo to
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estimate the spin. Event-based cameras do not suffer as much from motion
blur, thanks to their high temporal resolution. Moreover, the sparse nature
of the event stream reduces data redundancy and the required bandwidth.
In this work, we present the first table tennis spin estimation method us-
ing an event-based camera capable of running in real-time. We use ordinal
time surfaces to track the ball and then isolate the events generated by the
logo on the ball. Optical flow is then estimated from the extracted events
to infer the ball’s spin.

As can be seen in Fig. 2.7, for higher spin settings, we were able to com-
pensate for the drawbacks of frame-based cameras with an event-based
camera and achieve more reliable spin estimation. For lower spin settings,
the frame-based approach performs better since only few events get trig-
gered by the rotating ball logo. In table tennis, high spin values make the
game challenging. Therefore, reliable spin estimation for higher spin val-
ues is beneficial. We achieved a spin magnitude mean error of 10.7±17.3

Figure 2.7: (top) Spin magnitude error with the ball thrower for different ball spins.
(bottom) Spin axis estimation error with the ball thrower.

rps and a spin axis mean error of 32.9±38.2deg in real time for a flying
ball.
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2.6 Unrelated contributions

In this section, we briefly describe additional publications I contributed to
during my PhD, even if they did not directly contribute to this thesis.

Gossard, T., Tebbe, J., Ziegler, A., and Zell, A. (2023). Spindoe: A ball
spin estimation method for table tennis robot. In 2023 IEEE/RSJ Interna-
tional Conference on Intelligent Robots and Systems (IROS). IEEE

Gossard, T., Ziegler, A., , and Zell, A. (2025b). Tt3d: Table tennis 3d
reconstruction. In 2025 IEEE/CVF Conference on Computer Vision and
Pattern Recognition Workshops (CVPRW). IEEE

Gossard, T., Schmalzl, J., Ziegler, A., and Zell, A. (2025a). Spin detection
using racket bounce sounds in table tennis. In 2025 IEEE International
Workshop on Sport, Technology and Research (STAR). IEEE

Thomas Gossard’s time with the Cognitive Systems Group overlapped
with mine to a large extent. Both of us were funded by the same project,
and, therefore, we also worked together closely. Although each of us had
our own topics, we had many brainstorming sessions, shared ideas and
maintained the hardware infrastructure in the table tennis lab together.
Thus, I list Thomas Gossard’s main contributions during his PhD here as
unrelated contributions.

Ziegler, A., Gossard, T., Vetter, K., Tebbe, J., and Zell, A. (2023a). A
multi-modal table tennis robot system. In RoboLetics: Workshop on Robot
Learning in Athletics @CoRL 2023

This contribution was a workshop paper in which we provided a snapshot
of our recent work and results.
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Conclusion

Throughout this PhD thesis, we contributed to two fields and their inter-
section: event-based computer vision and table tennis robotics. In both,
we achieved good results and new insights, but also realized that much
work still needs to be done.

3.1 Conclusion

This PhD thesis started with a table tennis robot and one event-based cam-
era. While we initially focused on event-based object detection—the first
task of the perception pipeline of a table tennis robot—we quickly realized
that some groundwork needed to be done first. This led to two contribu-
tions: one on camera calibration and another on automatic bias tuning for
event-based cameras.

In parallel, a side project on simulating events from a frame-based cam-
era evolved into a valuable contribution in its own right. Although it be-
gan independently, the resulting real-time event simulator aligned well
with the overarching theme of enabling event-based vision for robotics
and thus became part of this PhD thesis.

The main contributions of this thesis demonstrate the advantages of an
event-based perception pipeline for a table tennis robot. We developed
two ball detection approaches, one model-based and one learning-based.
The model-based approach achieved an update rate several orders of mag-
nitude higher than comparable frame-based systems, which reduces tra-
jectory and spin uncertainties and benefits robot control.
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The learning-based approach further demonstrated the suitability of event
data for Spiking Neural Networks (SNNs) and showed that such networks
can operate in real time on neuromorphic hardware within our closed-loop
robotic system.

A second major contribution is an event-based spin estimation pipeline.
We proposed a model-based algorithm that exploits the high temporal res-
olution of event data and outperforms frame-based solutions, particularly
for fast-spinning balls.

3.2 Future Work

PhD research is necessarily limited to a given period of time and I had
to realize the limitations of what can be achieved within this time. There
are still some remaining open questions, as well as new ones that came up
during this PhD thesis.

The algorithms developed in this thesis were either model-based or run
on special, neuromorphic hardware. The motivation was that although
GPUs enable heavy parallelization and learning-based methods, transfer-
ring data, event data in our case, from the CPU to the GPU usually takes
around 1 ms. In contrast, model-based algorithms can detect the ball in
under 1 ms. Newer GPUs and embedded GPU solutions might lead to
improvements on this front and allow for learning-based algorithms with
similar runtimes as model-based algorithms.

With working frame-based and event-based perception pipelines for a
table tennis robot, another area for future research is combining them to
get the best from both technologies. A first idea would be to use Extended
Kalman Filters to fuse the results of both pipelines in a Bayesian fashion.
Another idea is to combine the two modalities as input for a learning-
based solution. There is literature in this direction; however, the majority
put their focus on accuracy and not on speed.

Despite these remaining challenges, the ongoing progress in both hard-
ware and algorithmic design offers exciting opportunities for future ad-
vancements, pushing the boundaries of real-time, robust perception sys-
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tems for robotics by using event-based computer vision.
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Real-time event simulation with frame-based cameras

Andreas Ziegler, Daniel Teigland, Jonas Tebbe, Thomas Gossard and Andreas Zell

Abstract— Event cameras are becoming increasingly popular
in robotics and computer vision due to their beneficial proper-
ties, e.g., high temporal resolution, high bandwidth, almost no
motion blur, and low power consumption. However, these cam-
eras remain expensive and scarce in the market, making them
inaccessible to the majority. Using event simulators minimizes
the need for real event cameras to develop novel algorithms.
However, due to the computational complexity of the simulation,
the event streams of existing simulators cannot be generated
in real-time but rather have to be pre-calculated from existing
video sequences or pre-rendered and then simulated from a
virtual 3D scene. Although these offline generated event streams
can be used as training data for learning tasks, all response time
dependent applications cannot benefit from these simulators
yet, as they still require an actual event camera. This work
proposes simulation methods that improve the performance of
event simulation by two orders of magnitude (making them
real-time capable) while remaining competitive in the quality
assessment.

SUPPLEMENTARY MATERIAL

The project’s code and additional resources are avail-
able at https://cogsys-tuebingen.github.io/
realtime event simulator/

I. INTRODUCTION

In the field of robotics and computer vision, event cameras
have been rapidly gaining in popularity. Event cameras work
fundamentally differently from traditional frame-based cam-
eras. Instead of capturing an entire frame of pixels at once,
an event camera registers log-scale changes in brightness on
a pixel level. If the change is large enough, the camera emits
an asynchronous event. The advantages of event cameras
are that they can register events just microseconds apart,
resulting in lower latency and higher temporal resolution
(µs instead of ms) compared to frame-based cameras. These
cameras also come with other great potential benefits, such
as a high dynamic range and low power consumption [1].
This technology allows for super low latency applications
that, when implemented correctly, can leverage all this data
to outperform the best traditional computer vision algorithms
in various robotics and computer vision tasks. Some useful
applications include self-driving cars [2], general purpose ob-
ject tracking [3], image segmentation [4], [5], high frame rate
video reconstruction [6], accurate depth perception [7] and
advanced frame interpolation with optical flow reconstruc-
tion [8] and robotics applications like control tasks [9], [10],

The authors are with the Cognitive Systems Group, Dept.
Informatics, University of Tuebingen. Corresponding author
andreas.ziegler@uni-tuebingen.de.
This research was funded by Sony AI.

and odometry [11]. For some applications, e.g., self-driving
cars [2], it is essential that this data is processed in real-time.

Although the first event camera was released more than
a decade ago, event cameras remain expensive (∼ 6000C)
and scarce in the market, making them inaccessible to many
researchers, companies, and hobbyists alike. This work pro-
poses using frame-based cameras to simulate this event data.
Traditional frame-based cameras remain cheap and readily
available, making this approach an interesting alternative.

Over the last few years, several methods have been pub-
lished that attempt to simulate event data. While these recent
publications produce great results of high quality in the
event simulation, the computation required for just one frame
can take up to multiple seconds, eliminating the possibility
of real-time use. To truly use a frame-based camera as a
replacement for an event camera in robotics applications,
these simulators would have to run at much higher speeds.

This work specifically attempts to address this problem
by presenting methods that aim to drastically improve the
runtime of these simulations while remaining competitive in
quality, to be of use for real-time robotics applications.

Contributions of this work are as follows:
• Optical flow based event simulation methods running in

real-time
• A novel event simulation method which leverages the

sparsity of events in the interpolation to further improve
the runtime

• Qualitative and quantitative results comparing our event
simulation methods with existing ones and real event
cameras, and a guideline, when to use which simulator

The rest of the paper is organized as follows: Section II
presents the related work. In Section III we present our meth-
ods. In Section IV we present qualitative and quantitative
comparisons. Conclusions are drawn in Section V.

II. RELATED WORK
One of the first event simulators was described in [12].

This event simulator subtracts consecutive frames and after-
ward applies a threshold to retain only pixels that have a
significant difference. The approach in [13] is also based
on subtracting frames, however, their contribution is the
differentiability of the event simulator, which is needed for
backpropagation. While our approach subtracts consecutive
frames, we use optical flow to interpolate the given input
frames, leading to a temporal resolution closer to one of the
real event cameras. Approaches such as [14], [15], and [16]
use a rendering engine to capture images from a 3D scene.

In [17], the authors developed an event simulator tightly
coupled with the rendering engine to adaptively sample
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the visual signal from the virtual camera sensor along a
given camera trajectory. This allows generating simulated
events asynchronously, whereas previous simulators only
provide synchronous events. This approach also simulates
some linear noise but neglects non-linear noise. In [18], the
authors extended their previous work [17] by combining it
with a frame interpolation method to generate events from
videos. Similar to [18], [19] converts regular video sequences
to events. Compared to previous work, [19] includes more
realistic noise models and therefore comes closer to the
output of real event cameras. In [20], the authors go one
step further and add several improvements and additions.
The model notably improves the noise simulation by directly
mapping noise distributions from real pixels. In another
recent approach, the authors developed a GAN-style neural
network to regress an event volume (an event representa-
tion) [21]. To train the network, two consecutive frames and
the corresponding events were given. On inference time, only
two consecutive frames are needed. While the approach can
approximate the true noise distributions of real events more
accurately, it does not seem to run in real-time, and the output
is an event representation and not the events themselves.

Most of the existing event simulators focus on the real-
istic event output of the simulator. This comes at the cost
of a high computational load, and therefore an increased
runtime. For many applications, especially learning-based
solutions, such event simulators are ideal. However, many
robotics applications favor real-time capability over realistic
events with accurate noise. Our event simulators have a less
realistic noise model, but do run in real-time while remaining
competitive in quality. To the best of our knowledge, this
work presents the first method to simulate events given the
output of a frame-based camera in real-time.

III. METHOD

We present three different methods to simulate events. All
of them are based on the subtraction of consecutive frames,
as done in [12]. We call the result of the subtraction the
difference frame. In contrast to event cameras, we do not
use the log difference but the linear difference. The quality
improvement of log differences is small and comes with
a high computational load (delay in ms depending on the
interpolated frames). Further, this work does not address the
noise and artifacts present in data from a real event camera.

The temporal resolution of frame-based cameras is much
lower than that of event cameras [1]. To counteract this,
we use interpolation to artificially increase the frame rate.
Interpolation is a common step in event simulation and is
also used in [18] and [19]. For interpolation, we use optical
flow algorithms and a simple but fast linear interpolation ap-
proach. We used the fastest optical flow algorithms evaluated
in [22].

Next follows the detailed description of the three methods.
In Section III-A, we describe a method based on dense frame
interpolation. Section III-B introduces a method that uses
sparse frame interpolation, and the technique described in
Section III-C interpolates only the difference frames.

A. DENSE FRAME INTERPOLATION

This method calculates the dense optical flow between two
consecutive camera frames in the first step. This dense optical
flow is then used to interpolate between the two consecutive
camera frames. Given these interpolated frames, consecutive
frames are subtracted to get difference frames. In the last
step, the difference frames are thresholded (with Cpos and
Cneg) to determine all the pixels that should emit an event,
and the corresponding polarity of the event according to

epos(x, y) =

{
pos. event, ifdifference frame(x, y) > Cpos

no event, otherwise

eneg(x, y) =

{
neg. event, ifdifference frame(x, y) < Cneg

no event, otherwise.

The process of this approach is illustrated in Fig. 1.

Fig. 1. The process of the dense frame interpolation method, given the
consecutive camera frames at ti−1 and ti as input. The output is either
the events in tuples of the form <x, y, t, p> with the location of the event
(x, y), the time stamp t and the polarity of the event p or a frame with the
accumulated events. Processing steps are written with italic letters whereas
(intermediate) outputs are written with normal letters. For more details we
refer to Section III-A.

The output is either the events in tuples of the form
<x, y, t, p> with the location of the event (x, y), the time
stamp t and the polarity of the event p or a frame with the
accumulated events.

In order to use this algorithm in real-time applications, the
choice of the dense optical flow algorithm is very important,
as its speed is the main bottleneck for the performance of
this method.
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B. SPARSE FRAME INTERPOLATION

This method is similar to the dense frame interpolation
approach described in Section III-A with the difference
that sparse optical flow is used to interpolate between two
consecutive camera frames.

The motivation to use sparse optical flow is to increase
the performance by reducing the number of calculations for
the frame interpolation step. Dense optical flow algorithms
consider the entire frame while only a fraction of the pixels
in a frame is actually changing a lot, most of the time. Real
event cameras use a threshold to detect when an event at
a particular pixel has occurred. Analogously to an event
camera, all pixels that have not changed within a given
threshold from one frame to the next can be disregarded for
the optical flow estimation. This way, the computation can
be sped up as long as the number of pixels that have changed
is substantially lower than the total number of pixels in the
frame. The selected pixels can be estimated with any sparse
optical flow algorithm.

It is important to note that sparse optical flow estimations
are usually slower than dense algorithms per pixel, so this
algorithm benefits from static backgrounds containing small
moving subjects.

C. DIFFERENCE FRAME INTERPOLATION

Interpolating regular frames is a complex problem with
many unforeseen edge cases such as, e.g., occlusions, and
is computationally expensive. Traditional interpolation al-
gorithms all rely on the basic assumption that the area of
pixels that make up an object will not change drastically in
color, brightness, or size from one frame to another. This
assumption breaks down in scenes where occlusions occur.
Traditional optical flow algorithms cannot find the original
pixels, and artifacts appear in the optical flow estimation.

To reduce the possibility of such edge cases and to further
decrease the computational load of the interpolation step, this
approach only interpolates between consecutive difference
frames rather than between consecutive camera frames. This
method reduces complexity by only interpolating between
the events themselves since we assume that the difference
frames represent the events.

Given three consecutive camera frames, two difference
frames are calculated in the first step. The optical flow
between the two difference frames is calculated in the next
step. With this optical flow, additional difference frames can
be interpolated between the two difference frames, from the
first step. The process of this approach is illustrated in Fig. 2.

This method makes some strict assumptions about the
original frame sequence. The objects’ movement that gener-
ates events must be of constant linear velocity. Furthermore,
the perspective of these objects in the video cannot change
over time. Given these assumptions, this method is specially
targeted for tasks like, e.g., object tracking.

IV. EVALUATION

We evaluate our proposed simulation methods in three
different ways. We start in Section IV-A with a comparison

Fig. 2. The process of the difference frame interpolation method, given
the consecutive camera frames at ti−2, ti−1 and ti as input. The output is
either the events in tuples of the form <x, y, t, p> with the location of the
event (x, y), the time stamp t and the polarity of the event p or a frame
with the accumulated events. Processing steps are written with italic letters
whereas (intermediate) outputs are written with standard letters. For more
details we refer to Section III-C.

of the runtimes of the different event simulation methods.
In Section IV-B, we qualitatively compare the output of
our methods to real events and the output of another event
simulator. Next to the qualitative comparison, we compare
some statistics of the simulated, the real events, and two
other event simulators in Section IV-C.

A. RUNTIMES

We compare the runtimes of our proposed event simulation
methods in two different scenarios. The first scenario is
a dynamic scene with a high events-per-frame ratio. This
footage is taken from [23]. The dataset contains recorded
events and camera frames at 20 fps from a car driving around.
We took a frame sequence with 537 frames from the inter-
laken 00 c sequence. The frames with an original resolution
of 1440 × 1080 pixels were resized to the resolution of the
event camera (640 × 480 pixels) before passing it to the
event simulators. For this dataset, we used 20 interpolated
(difference) frames. The results of this experiment are shown
in Fig. 3.

We use a less dynamic scene with a low events-per-
frame ratio in the second scenario. Specifically, we recorded
a flying table tennis ball in front of a static background
with a FLIR CHAMELEON 3 camera at 150 fps and a
Prophesee Gen4 event camera [24]. This frame sequence
contains 158 frames. We also resized the input frames for
this dataset from 1280×1024 pixels (the camera’s resolution)
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to 1280 × 720 pixels (the resolution of the event camera),
before passing it to the event simulators. For this dataset, we
used 10 interpolated (difference) frames. The results of this
experiment are shown in Fig. 4.

Next to the runtimes of our three proposed methods, we
also list the runtimes for calculating the difference frame as a
reference. We also compare our event simulation methods to
vid2e [18] and v2e [19], two state-of-the-art event simulators.

We used different optical flow algorithms for all three
event simulation methods since the simulation methods heav-
ily depend on the used optical flow implementation.

We chose Cpos, Cneg , and the number of interpolated
frames so that the generated events resemble the ground truth
accumulated event frame. These values are listed in Table I.

TABLE I
CPOS , CNEG VALUES AND THE NUMBER OF INTERPOLATED FRAMES

Method Cpos Cneg # int. frames
Dense interpolation 2 -2 10
Sparse interpolation 10 -10 10
Difference interpolation 20 -20 10
v2e [19] 0.3 -0.3 ?
vid2e [18] 0.2 -0.2 ?

All the experiments were run on a desktop with an Intel i7
9700 3.0 GHz CPU, 32GB RAM, and an NVIDIA GeForce
RTX 2080 Ti. For each algorithm, the video sequence was
loaded into RAM before the time was measured. Then the
entire video is passed to each algorithm frame by frame.
After the last frame, the time measurement was stopped.
We recorded the runtimes of 10 runs. From these, the mean
runtime and the standard deviation were calculated.

Discussion As can be seen in the results shown in Fig. 3
and Fig. 4, the runtimes differ substantially depending on the
event simulation method and their configuration.

Starting with the dynamic dataset, the dense interpolation
method with DIS [22] on its lowest quality setting is the
fastest configuration for the dense approach, closely followed
by the one with Farneback [25] (on the GPU). DIS takes
more than three times as long with the highest quality
setting. The sparse interpolation method on the GPU is
a bit slower than the dense one. The sparse interpolation
method on the CPU performs the worst of all the techniques
with different settings. Since there is a lot of movement in
this driving car dataset, we expect the sparse interpolation
method to be worse. As mentioned in Section III-B, sparse
optical flow benefits only if the number of pixels that have
changed is substantially lower than the total number of
pixels. In this experiment, this is not the case. The GPU
and CPU runtimes of the difference interpolation method are
better compared to the corresponding runtimes of the sparse
interpolation method, with the GPU version outperforming
the CPU version.

On the less dynamic dataset, the runtimes for the dense
interpolation method are all longer because the resolution of
the table tennis video is larger (1280× 720 pixels compared
to 640 × 480 pixels). For the dense interpolation method,
the relative comparisons remain the same. As can be seen
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in Fig. 4, with runtimes above 80ms, the dense optical flow
algorithms are too slow to be used in real-time applications
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(a) Grayscale frame
(for reference)

(b) Ground truth accu-
mulated events frame

(c) Difference frame (d) Dense int. w.
DIS [22] on lq. preset

(e) Dense int. w.
DIS [22] on hq. preset

(f) Dense int. w.
Farneback [25] (CPU)

(g) Sparse int. w.
LK [26] (CPU)

(h) Difference int. w.
LK [26] (CPU)

(i) Dense int. w.
Farneback [25] (GPU)

(j) Sparse int. w.
LK [26] (GPU)

(k) Difference int. w.
LK [26] (GPU)

(l) v2e [19] (for refer-
ence)

Fig. 5. Qualitative comparison of the output of the different simulation methods on a high events-per-frame video sequence depicting a car driving through
Interlaken (composed from the DSEC [23] dataset). LK stands for Lucas Kanade [26]. The accumulation time was set to mimic the frame rate of the frame
camera (1/fps).

(a) Grayscale frame
(for reference)

(b) Ground truth accu-
mulated events frame

(c) Difference frame (d) Dense int. w.
DIS [22] on lq. preset

(e) Dense int. w.
DIS [22] on hq. preset

(f) Dense int. w.
Farneback [25] (CPU)

(g) Sparse int. w.
LK [26] (CPU)

(h) Difference int. w.
LK [26] (CPU)

(i) Dense int. w.
Farneback [25] (GPU)

(j) Sparse int. w.
LK [26] (GPU)

(k) Difference int. w.
LK [26] (GPU)

(l) v2e [19] (for refer-
ence)

Fig. 6. Qualitative comparison of the output of the different simulation methods on a low events-per-frame video sequence depicting a flying table tennis
ball. LK stands for Lucas Kanade [26]. The accumulation time was set to mimic the frame rate of the frame camera (1/fps).

in such scenarios. However, the dense method with DIS with
the high quality preset is still three orders of magnitude
faster than vid2e [18] and v2e [19]. Since there is only one
moving ball in front of a static background in this dataset,
the sparse interpolation method only needs to estimate the
motion of the pixels representing the ball. As expected,
the sparse interpolation method performs very well. The
difference interpolation method, with its strict assumption
met on this dataset, achieves the best runtimes.

B. QUALITATIVE COMPARISON

For qualitative comparison, the outputs of the different
methods are shown in Fig. 5 for the dynamic dataset and
in Fig. 6 for the less dynamic dataset. We used the same
datasets as in Section IV-A. The accumulation time was set
to mimic the frame rate of the frame camera (1/fps).

Discussion Starting with the dynamic dataset, the output

of the dense interpolation methods, shown in Figs. 5d–5f
and 5i, bear a very strong resemblance to the ground truth
accumulated event frame, shown in Fig. 5b. The positive and
negative overlapping events, missing in the difference frame
(Fig. 5c), are primarily generated from the interpolation. The
impact of the different optical flow algorithms is relatively
small, with the main difference being the amount of motion
registered in the street area of the frames. The output of
the sparse interpolation methods, shown in Figs. 5g and 5j,
also bear a very strong resemblance to the ground truth
accumulated event frame, shown in Fig. 5b. The output is
noticeably noisier than the one of the dense interpolation
methods, which is to be expected because of the sparse
interpolation. If neighboring pixels are just under the thresh-
old, they will not be interpolated and therefore do not emit
an event. Additionally, some artifacts appear when Lucas
Kanade [26] is run on the GPU. These artifacts are probably
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a side product because only patches of the original image
are sent to the GPU by OpenCV. The difference interpolation
method performs quite poorly on this dataset, as can be seen
in Figs. 5h and 5k. This is mainly due to the constraints
not being met. The perspective of the objects in the scene
changes quite drastically as the car is driving by them.
However, some events between the two frames are still
emitted, and the output is a clear improvement over the
simple difference frame. The output of v2e comes closest to
the one of the difference interpolation method from a visual
point of view.

In the less dynamic dataset, the dense interpolation method
does not perform as well, shown in Figs. 6d–6f and 6i.
The dense interpolation method with DIS with the low-
quality preset cannot even detect any motion, making the
ball completely invisible, as seen in Fig. 6d. With the
Farneback optical flow algorithm, the dense interpolation
method manages to estimate some motion in the ball but
creates an event cloud around it (Figs. 6f and 6i). Only
the dense interpolation method with DIS on the high-quality
preset produces a favorable result, as seen in Fig. 6e. These
inaccuracies can be attributed to the dense optical flow
algorithms. Traditional dense optical flow algorithms find
the frame’s general motion in patches. This is especially
a problem for DIS [22] with the low quality preset as
the ball is not even registered because of the large patch
size and the fact that the surrounding pixels do not move
with the ball. The output of the sparse interpolation method
has some artifacts due to the interpolation of overlapping
subjects. One object represents where the ball has moved
in the current frame, and one object where the ball was
in the previous frame. The GPU implementation has some
additional artifacts similar to the ones in the dynamic dataset.
The output of the difference interpolation, shown in Figs. 6h
and 6k, makes it apparent that this method is well suited for
this kind of scene. It is the only algorithm able to correctly
interpolate the ball’s position and create the events that lie
between the two frames. As seen in Fig. 6l, v2e produces
quite some artifacts and does not look as similar to the
ground truth compared to most of our methods.

C. STATISTICAL COMPARISON

In this section, we present a statistical comparison of our
event simulation methods with real events and the output of
vid2e [18] and v2e [19]. We use the metric of events per
pixel per second ( events

pixel·s ) introduced in [27] as comparison
for two short sequences. Event count is a necessary but
not sufficient condition for a faithful simulation of an event
camera. We took 2s (40 frames) from the interlaken 00 c
sequence from [23] for high events-per-frame data and 1.13s
(170 frames) from our flying table tennis ball dataset for low
events-per-frame data. We adjusted the threshold values Cpos
and Cneg for every simulation method to get similar mean
values as the ones from the real events. We list the mean and
standard deviation as well as the used threshold values Cpos
and Cneg (unless unknown) in Table II for the high events-
per-frame data and in Table III for the low events-per-frame

data.
Discussion As can be seen in Table II, for the high events-

per-frame dataset, our simulation methods tend to have a bit
of a lower standard deviation compared to the real events,
v2e and vid2e. On the low events-per-frame dataset, however,
most of our simulation methods have standard deviations
closer to the one of the real events compared to v2e and
vid2e.

TABLE II
EVENT STATISTICS ON A HIGH EVENTS-PER-FRAME VIDEO SEQUENCE

Events / (pixel · s)
Method mean std. dev. Cpos Cneg
Real events 62.7933 82.7128 ? ?
Dense int. w. DIS, lq. preset 56.3079 58.9868 3 -3
Dense int. w. DIS, hq. preset 65.6304 66.793 3 -3
Dense int. w. Farneback 65.999 67.4279 3 -3
Sparse int. w. LK 59.3083 52.3827 6 -6
Difference int. w. LK 59.3034 55.0075 19 -19
v2e [19] 58.8313 78.3513 0.1 0.1
vid2e [18] 63.6588 77.9866 0.14 0.14

TABLE III
EVENT STATISTICS ON A LOW EVENTS-PER-FRAME VIDEO SEQUENCE

Events / (pixel · s)
Method mean std. dev. Cpos Cneg

Real events 0.046 1.0228 43 -17
Dense int. w. DIS, lq. preset 0.0472 1.165 13 -13
Dense int. w. DIS, hq. preset 0.0462 0.8783 35 -35
Dense int. w. Farneback 0.0445 0.574 19 -19
Sparse int. w. LK 0.0467 0.439 27 -27
Difference int. w. LK 0.0461 0.8785 112 -112
v2e [19] 0.0455 0.4912 0.575 0.575
vid2e [18] 0.0318 1.776 5.7 -5.7

V. CONCLUSION

This work presented multiple event simulator methods that
can run in under 30ms. Compared to existing event simu-
lators, ours can be used in real-time robotics applications
while remaining competitive in the quality assessment. We
have shown the influence of the resolution and the dynamics
of the scene on the runtime of the simulators, the quality of
the simulated events, and the statistics of the events.

Depending on the camera setup and the dynamics of the
scene, we have the following suggestions: For scenes with
high dynamics, e.g., an event camera mounted on a driving
car, we recommend the dense interpolation method with
Farneback on the GPU. In scenes with fewer dynamics, e.g.,
tracking an object with a static event camera, we recommend
using the difference interpolation method. For use cases in
between, some experiments might be needed to find the
sweet spot between a fast runtime and a high quality of the
simulated events. The sparse interpolation method might be
a good choice.

With this work, we have made a first step towards event
simulators for real-time robotics applications. We hope our
work enables others to develop new algorithms for event-
based data in real-time use cases.
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eWand: An extrinsic calibration framework for wide baseline
frame-based and event-based camera systems

Thomas Gossard∗, Andreas Ziegler∗, Levin Kolmar, Jonas Tebbe and Andreas Zell

Abstract— Accurate calibration is crucial for using multi-
ple cameras to triangulate the position of objects precisely.
However, it is also a time-consuming process that needs to be
repeated for every displacement of the cameras. The standard
approach is to use a printed pattern with known geometry to
estimate the intrinsic and extrinsic parameters of the cameras.
The same idea can be applied to event-based cameras, though it
requires extra work. By using frame reconstruction from events,
a printed pattern can be detected. A blinking pattern can also
be displayed on a screen. Then, the pattern can be directly
detected from the events. Such calibration methods can provide
accurate intrinsic calibration for both frame- and event-based
cameras. However, using 2D patterns has several limitations
for multi-camera extrinsic calibration, with cameras possessing
highly different points of view and a wide baseline. The 2D
pattern can only be detected from one direction and needs
to be of significant size to compensate for its distance to the
camera. This makes the extrinsic calibration time-consuming
and cumbersome. To overcome these limitations, we propose
eWand, a new method that uses blinking LEDs inside opaque
spheres instead of a printed or displayed pattern. Our method
provides a faster, easier-to-use extrinsic calibration approach
that maintains high accuracy for both event- and frame-based
cameras.

SUPPLEMENTARY MATERIAL

The project’s code and additional resources are avail-
able at: https://cogsys-tuebingen.github.io/
ewand/

I. INTRODUCTION

Before using cameras for robotic applications, one needs
to calibrate them first. Camera calibration is the process
of estimating the intrinsic camera parameters (the camera
matrix KKK and the distortion coefficients ddd) as well as the ex-
trinsic camera parameters (the rotation RRR and translation ttt of
the camera with respect to a reference frame) when multiple
cameras are used. Thus, after calibrating a camera system,
we know how a point in the 3D space will be projected into
the 2D captured images. This enables the use of computer
vision algorithms like triangulation or Perspective-n-Point.

Camera calibration for conventional cameras is a well-
studied subject, with literature published over multiple
decades [1][2][3]. The current best practice is to capture
images of a printed pattern in various positions and ori-
entations. The most popular patterns are the checkerboard,
the asymmetrical circle grid, and AprilTags. Calibration with

∗ Equal contribution
The authors are with the Cognitive Systems Group, Dept. Informat-

ics, University of Tuebingen. Corresponding author thomas.gossard@uni-
tuebingen.de.

This work was funded by Sony AI.

Fig. 1: Our eWand, composed of three of our markers.

such patterns work fine for a setup with a single camera or
with cameras with a very similar field of view, e.g., stereo-
vision setups. However, calibrating multiple cameras with
different viewpoints can be problematic for two reasons.
First, capturing images where the pattern is recognized by all
cameras is not always possible, requiring calibration of cam-
eras by pairs. When optimizing camera pairs individually, the
pairwise optimal solution often does not coincide with the
optimal solution using all cameras combined. Second, the
pattern often has to be significantly tilted to be visible by
multiple cameras, leading to difficulties in pattern detection
and might lower the accuracy of the marker localization,
potentially resulting in an inaccurate calibration. This is the
reason why for such camera setups, 3D markers (such as
spheres) are preferred instead of 2D markers. Sphere markers
are always identically viewed, independent of the point of
view. Commercial motion capture tools such as Optitrack1 or
Vicon2 use ”wands” to calibrate their cameras. Their infrared
(IR) cameras capture the positions of IR-reflective spheres
mounted on a stick. Though both Optitrack and Vicon are
the industrial standard in terms of accuracy for motion
capture, these systems are also quite expensive. Moreover,
they require extra steps if they are to be used to calibrate
a setup with standard RGB cameras. This concept has been
translated to RGB cameras, using colored spheres and color
filters to extract the position of the spheres [4]. However,
such wands cannot be directly used for event-based cameras
for calibration.

Event-based cameras are a new type of camera that have
known rapid growth and increase in popularity in recent
years. Instead of synchronously capturing all pixel values
at periodic intervals, like frame-based cameras, event-based
cameras continuously and asynchronously emit a signal (so-
called events) on a log-intensity change above a threshold

1https://optitrack.com/
2https://www.vicon.com/
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for every pixel independently. Because of their low latency,
high dynamic range, and non-redundant information flow,
they offer many benefits for robotic applications [5]. They
have already been used for stereo-vision [6], SLAM [7] and
feature tracking [8].

As with frame-based cameras, event-based cameras also
need to be calibrated first. The same calibration techniques
as for conventional cameras cannot be directly applied. There
are two approaches for event-based camera calibration: either
frames are reconstructed from the events and then traditional
calibration methods can be used [9] or the events are directly
used [10][11].

Performing extrinsic calibration for frame-based and
event-based cameras jointly requires having the pattern be
detectable by both types of cameras simultaneously. The
printed pattern and the LCD screen are the common ap-
proaches. The printed pattern is directly observable by the
frame-based cameras and needs to be reconstructed for the
event-based cameras. Depending on the camera used, the
LCD screen can be set to either blinking mode or not.
However, both also rely on 2D markers, which makes them
inappropriate for a setup with multiple cameras with very
different points of view. Moreover, for camera systems with
a wide baseline between cameras, the pattern needs to be
of significant size to be robustly detected from all cameras.
It is obvious that a large LCD screen is heavy and difficult
to move around. But this is also the case for printed pat-
terns. The pattern’s flatness requirement necessitates a rigid
and consequently heavy support to prevent bending. This
makes moving the pattern around difficult and the extrinsic
calibration process slow. Wand-based calibration approaches
are therefore preferred for multi-camera setups with very
different points of view and wide baselines.

In order to make the wand detected by both, the frame-
base and event-based cameras, we propose the use of blink-
ing LEDs as markers. However, it isn’t easy to pinpoint the
center of an LED. Their small size and non-spherical shape
make their detection and center regression difficult. Addition-
ally, due to the high luminosity of the LED compared to the
rest of the scene, smear, or blooming might be observed with
the frame-based cameras, which makes it further challenging
to estimate the center of the LED. Therefore, LED patterns
tend to have a higher reprojection error [9]. To overcome
these shortcomings, we propose placing these LEDs inside
colored, opaque spheres. The opaque spheres act as a diffuser
and are also easier to detect due to their size and symmetry.
This enables both event and frame-based cameras to detect
the balls. We name our method eWand. Using eWand, we
can capture points over all cameras and use them to calculate
the cameras’ extrinsic parameters.

Contributions of this work are as follows:

• Robust and accurate markers for frame- and event-based
cameras

• A detection method for said markers
• Extending the wand-based extrinsic calibration to event-

based cameras

II. RELATED WORK

Since calibration of conventional cameras with printed
calibration targets is a well-established topic with several
toolboxes freely and commercially available [3][2][12], we
will focus on the calibration of event-based cameras and
wand-based calibration methods in the related work.

A. Event-camera calibration

As already mentioned, there are two methodologies for
event-based camera calibration: Either frames are recon-
structed from the event stream, and then traditional calibra-
tion methods can be used, or the events are directly used for
the calibration. The first approach was introduced by [9]. In
this work, E2VID [13] is used to reconstruct frames from the
event stream. The reconstruction is a quite computationally
heavy step (max frame rate of 11Hz for a resolution of
1280x720 with a NVIDIA RTX 2080 Ti GPU [13]). More
recent reconstruction networks such as FireNet[14] provide
faster reconstruction, being approximately three times faster
than E2VID. However, even with reconstructed frames, pat-
tern detection can be challenging. Even more so with a
tilted pattern, which is often the case for patterns observed
from highly different points of view. With the reconstructed
frames, the kalibr calibration toolbox [3] is used to calibrate
in the same way as for conventional cameras.

The second approach uses the events directly without
any reconstruction for faster calibration and higher detec-
tion rates of the patterns. Early works make use of active
markers such as blinking LED patterns [15][16] or blinking
screens [17][18][19] to detect and extract the calibration
patterns. In a more recent work [10], the authors introduced
a dynamic event-based camera calibration algorithm. The
approach directly calibrates given events captured during rel-
ative motion between the camera and the calibration pattern.
However, the approach is not designed to calibrate multiple
event-based cameras extrinsically. Although the calibration
approach presented in [10] does use a circular pattern, often
used for calibration of conventional cameras, it is not straight
forward to calibrate event-based and frame-based cameras
simultaneously. Another intrinsic calibration method was
later introduced in [11]. Their approach is similar to [10]
with improvements such as better clustering performance
and achieving sub-pixel localization accuracy of the circular
pattern.

Most of these methods could also be used for joint frame-
and event-based camera calibration, if the event-based pattern
extraction outputs the pattern in a data structure which can
later be optimized together with the pattern extracted from
the frame-based cameras. Reconstruction-based methods al-
ready rely on a pattern that can be directly used by the frame-
based cameras. But as we explained, printed 2D patterns
are not suited for calibrating multiple cameras with highly
different points of view. Printed patterns are moreover not as
straightforward as methods based on active markers. They
can be set to always on for frame-based cameras or to
blinking for event-based cameras. But the pattern then needs
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to be perfectly static between each capture, which makes the
calibration much more time-consuming and needs more care.

B. Wand-based calibration

While the majority of the camera calibration literature and
available calibration tool boxes use printed calibration targets
for their ease of use, there also exist methods that use a wand
as calibration target [4][20]. Using a wand as a calibration
target allows rapid, flexible, and accurate calibration of
multiple frame-based camera systems and does not require
the cameras to all face in the same direction or to have
overlapping fields of view [4]. They can be used to calibrate
extrinsics and the intrinsics to some degree, as shown by
the Optitrack or Vicon systems (it is, however, unclear
how the focal length of the cameras is estimated). While
these methods were successfully applied for motion tracking
with multiple infrared cameras, a wand-based calibration has
never been tested to calibrate frame and event-based cameras
jointly.

III. EVENT CAMERA MARKER

As previously mentioned, calibration targets are crucial for
the calibration of cameras. In this section, we will describe
our marker, which can be detected by frame- and event-based
cameras.

Blinking LEDs have already been tested and used as
markers for event cameras [9][21]. However, due to their
shape, the identified position of the LED will depend on the
point of view. Moreover, their small size makes detecting
them from long distances difficult, as they can be mistaken
for noise. We solve both of these issues by placing the
LEDs in a spherical diffuser. The spherical shape of the
diffuser makes the center of the marker independent of
the point of view. This enables us to find the center of
the marker more accurately. To ensure homogeneous and
powerful lighting inside the diffuser, we used 2 high-intensity
LEDs (7500MCD) oriented orthogonally. We tested the de-
tection of our marker for different ambient luminosity, shown
in fig. 2. The detection rate is the ratio of successful wand
detections to the total number of observations. The marker

Fig. 2: Influence of the luminosity on the detection rate of
the marker.

can be robustly detected for illuminations up to 1000 lux,
which is the standard illumination of an office.

The blinking frequency of the blinking LED is controlled
with a pulse-width modulation (PWM) signal from a micro-

controller. The duty cycle of the PWM signal was set to 50%
to evenly space the on/off events for the event camera.

As for the blinking frequency of the LEDs, we tuned it
to obtain the best detection rate with the event cameras’
default settings. Intuitively, we want the highest possible
frequencies in order to distinguish events generated from
the blinking (high frequency) and events generated from the
marker’s movement (low frequency). However, because of
the refractory period of event-based cameras, the blinking
frequency cannot reach the kHz levels achievable by the
microcontroller. In fig. 3, we show that frequencies higher
than 600 Hz lead to lower detection rates of the markers.

Fig. 3: Influence of the frequency on the detection rate of
the marker.

A. Marker position extraction

In this section, we will describe the extraction of the
marker position for frame-based cameras in section III-A.1
and for event-based cameras in section III-A.2.

1) Frame-based camera: For frame-based cameras, we
identify the markers using a combination of color segmenta-
tion and blob detection, using the OpenCV implementation.
However, false positives can still occur. To further filter out
the detected blobs, we only keep blobs close to each other
and aligned. An example of a simultaneously detected wand
in each of the four frame-based cameras is visualized in
fig. 4. It is important that the camera’s exposure time is
longer than a blinking period to avoid brightness inconsisten-
cies in the marker’s color. We also keep the exposure as low
as possible to make the blinking marker stand out compared
to the darker background.

2) Event-based camera: By tuning the biases of the event
cameras (high and low pass filter mostly), it is possible to
filter out most of the events except those generated by the
marker.

However, this approach is not appropriate for tasks that
also involve capturing events generated by other movements.
Instead, we chose to extract the frequency of the generated
events to filter out any frequencies that are not that of the
blinking LEDs.

We rely on FrequencyCam [22] for that purpose. Frequen-
cyCam takes an event stream as input and determines the fre-
quency of every pixel in the field of view of the event-based
camera. A visualization of the output of FrequencyCam can
be seen in fig. 5b. We modified FrequencyCam to record only
pixels corresponding to the frequency of our blinking LEDs,
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(a) frame 0 (b) frame 1

(c) frame 2 (d) frame 3

Fig. 4: Wand observed with the frame-based cameras. The
position of the balls is marked with the red, green and blue
circles.

(a) (b) (c)

Fig. 5: (a) Accumulated events from the wand. (b) The
detected frequencies of the marker positions by Frequency-
Cam [22]. (c) Output of the blob detector.

employed blob detection (as shown in fig. 5c) for precise
marker center determination, and exported both position data
and timestamps.

IV. EWAND

In this section, we provide a general overview of our
calibration method, visualized in fig. 6. We describe our
calibration target in section IV-A. How we performed the
intrinsic camera calibration is outlined in section IV-B. In
section IV-C we detail the extrinsic calibration.

A. Calibration target

The wand is composed of three of our markers, described
in section III, mounted in a line onto a stick, as shown in
fig. 1. These spheres constitute the pattern’s markers for the
calibration. Marker size and spacing were chosen considering
construction constraints and camera resolution. The spheres
are aligned such that it is possible to distinguish them by the
distance ratio between them. Indeed, the ratio is conserved
regardless of the viewing angle. This is necessary to have
marker correspondence between all cameras.

Fig. 6: An overview of our proposed calibration method.

The wand was 3D printed in one piece to ensure maximal
accuracy of the markers’ position. However, because it was
hand-built, it is still prone to inaccuracies (±2mm).

B. Intrinsic calibration

In order to estimate the camera matrix K and the distortion
coefficients ddd, we need a 3D or 2D pattern with known
geometry. Multiple methods [23][24][25] are available, but
for all of them, the 3D pattern requires more than three
points. The intrinsic parameters’ initialization method [26]
requires planar patterns and cannot be applied to the wand,
which is just a line.

Moreover, the inaccuracies in the marker positions of the
wand, since it is self-manufactured, make it ill-suited for
intrinsic calibration, which is very sensitive to bias and
noise. For these reasons, we do not rely on the wand for
the intrinsic calibration. We use the intrinsic parameters
calculated with the calibrateCamera function from OpenCV
with the asymmetric circle pattern and reconstruction with
E2VID[13]. Camera intrinsics remain constant and only
require one-time calibration, unlike extrinsics, which must
be recalculated whenever a camera is moved even slightly.
This is why the ease of use of eWand makes it preferable
over other methods.

C. Extrinsic calibration

For the extrinsic calibration, we start by recording images
and events while moving the wand around. After capturing
the data from the event- and frame-based cameras, we extract
the position of the markers, explained in section III-A.

We then rely on bundle adjustment for extrinsic cali-
bration. It can be seen as an optimization problem that
requires finding the best extrinsics and 3D marker positions
to minimize the reprojection errors

argminP j ,X̂i,K,d

n

∑
i=1

m

∑
j=1

(xi, j − x̂i, j(P j, X̂i,K,d))2 (1)

where xi, j is the ith observed marker with camera j, X̂i is the
estimated 3D position of the ith marker observation, P j is the
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projection matrix of the jth camera, and x̂i. j is the prediction
of xi, j using P j, X̂i and the intrinsic camera parameters K
and ddd. The projection matrix is the product of the camera
matrix, that we know, and of the camera pose, that we want to
estimate. We rely on Ceres [27] to perform the optimization
part of the bundle adjustment.

Additional costs are added to the optimization problem to
use the extra information we have from the wands’ structure
as a constraint. We assume here that index 0, 1 and 2 belong
to the same wand.

Linearity: (X̂0 − X̂1)× (X̂1 − X̂2) = 0 (2)

Distance: |∥X̂0− X̂1∥− lre f ,0|+ |∥X̂1− X̂2∥− lre f ,1|= 0 (3)

where lre f ,0 and lre f ,1 are the real distances between the
wand’s markers. Non-linear optimization problems, such
as bundle adjustment, require a good initialization of the
extrinsic parameters so as not to get stuck in the wrong local
minimum. To do so, we first need the fundamental matrix
FFF j of a pair of cameras. The fundamental matrix is obtained
using a RANSAC version of the 7-point algorithm. Once
we have FFF j, we can calculate the essential matrix EEE j with
the camera matrix of the two cameras KKK j and KKKk using the
formula: EEE j = (KKKk)

T FFF jjjKKK jjj. The essential matrix can then be
decomposed into possible camera rotation RRR j and translation
ttt j, using SVD. However, the estimated translation vector ttt j
is only defined up to scale, but since we know the distance
between the markers on the wand, we can retrieve the correct
scale k using a golden-section search.

V. EXPERIMENT

A. Cameras

Our setup contains a total of four frame-based and two
event-based cameras with baselines of 3m to 5m, organized
as shown in fig. 7 (schematic is up to scale).

Four FLIR Chameleon3 frame-based cameras
(1280×1024 pixels) are mounted in the room’s corners. As
for the event-based cameras, two Prophesee EVK4 cameras
(1280×720 pixels) are placed at two corners of the room.
The event-based cameras are “paired” with a frame-based
camera to have both type of data with comparable points of
view.

The parameters of both types of cameras were set to record
the best quality of data. For the frame-based cameras, we
want distinguishable ball outline compared to the rest of
the scene. For the event-based cameras, we want to avoid
noise and capture all the marker blinks. For that, we adjusted
the trigger thresholds (defining the level of the illumination
change necessary to trigger an event) to filter out noise but
keep the events from the blinking markers.

B. Time synchronization

One of the most critical aspects of multi-camera calibra-
tion is the time synchronization of the data capture. Because
the wand is constantly moving, a frame offset could lead to
erroneous triangulation of the balls. In our setup, we use a
microcontroller to trigger the frame-based cameras and the

Fig. 7: Our camera setup consisting of four frame-based
cameras (in blue) and two event-based cameras (in red) with
baselines of 3m to 5m. Schematic is up to scale.

primary event-based camera with 50 Hz. The clocks of the
primary and secondary event-based camera are synchronized
via a synchronization cable between them.

C. Comparison

We compare the extrinsics estimated by our proposed
calibration method, described in section V-F with two other
calibration approaches. On the one hand, we use the popular
calibration framework kalibr [3], described in section V-D.
On the other hand, an intrinsic calibration method based
on OpenCV [28] and an extrinsic calibration method using
OpenCV and the optimization framework Ceres [27] to solve
the calibration as a bundle adjustment problem, described in
section V-E. In section V-G, we describe our evaluation of
this experiment.

D. Calibration with kalibr

We performed the intrinsic and extrinsic calibration with
one dataset for each calibration target, following [9].

E. Calibration via bundle adjustment with OpenCV/Ceres

For the calibration with OpenCV and bundle adjustment,
we chose to perform the intrinsic and extrinsic calibration
separately and on two different data sets.

Doing the calibration in two stages (first intrinsics and
afterward extrinsics) has the advantages that recordings can
be used which are specifically targeted for one of the two
tasks. For the intrinsic calibration, the calibration target
should be recorded in the cameras’ whole field of view. On
the other hand, for the extrinsic calibration, the calibration
target has to be observed by all cameras simultaneously, not
able to cover the individual cameras’ whole field of view.
We use two standard patterns: checkerboard and asymmetric
circle grid. We chose not to include AprilTags as they
tend to have a poor detection rate after reconstruction from
events [9]. For the event-based cameras, E2VID [13] was
used to generate reconstructed frames from the events.

a) Intrinsic calibration: For the intrinsic calibration,
we used OpenCV functions to detect the calibration targets,
followed by the cameraCalibrate function.

b) Extrinsic calibration: To perform the extrinsic cali-
bration, we first calculated an initial estimate of the extrin-
sics and run a bundle adjustment afterward. For the initial
estimate, we used solvePnP, given the observed target for
every camera to get the position and rotation of the target
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Camera BA eWand (our) kalibr (circleboard) kalibr (checkerboard) BA circleboard BA checkerboard
frame 0 0.325±0.257 0.274±0.060 0.390±0.325 0.218±0.219 0.225±0.204
frame 1 0.320±0.271 0.311±0.070 0.398±0.335 0.201±0.178 0.201±0.185
frame 2 0.401±0.361 0.168±0.072 0.320±0.320 0.178±0.178 0.213±0.193
frame 3 0.396±0.389 0.159±0.062 0.301±0.243 0.199±0.188 0.180±0.165
event 0 0.603±0.448 0.269±0.068 0.513±0.396 0.398±0.365 0.459±0.363
event 1 0.550±0.431 0.295±0.070 0.515±0.405 0.469±0.447 0.402±0.370

TABLE I: Reprojection error (MAE) in pixels (mean and std.) for each calibration approach and camera, after the calibration.
”BA” represents the bundle adjustment approach using OpenCV and Ceres, explained in section V-E.

in the camera frame. With these positions and rotation, we
calculated the position and rotation of every camera with
respect to the main camera. These initial estimates were then
used as the starting point for a bundle adjustment problem,
where we used Ceres [27] to optimize the intrinsics and
extrinsics of all the cameras.

F. Calibration with the wand

We recorded a data set where we moved the wand around,
covering the whole working space. The blinking frequency
of the LEDs were set to 500 Hz. Since the wand is easier to
detect, we were able to cover a bigger space compared to the
other calibration targets. For the calibration we proceeded as
explained in section IV.

G. Evaluation

For the evaluation we used two metrics: the commonly
used reprojection error and a 3D position error.

1) Reprojection errors: Table I lists the reprojection errors
obtained after calibrating with each method.

It is important to note that the measurements used differ
for eWand and the other methods.

As can be seen, our method achieves similar reprojection
errors as the other methods. Considering the standard de-
viation, the error ranges do overlap. The lower reprojection
error of kalibr with the circleboard might come from the fact
that kalibr does some outlier rejection, while our proposed
method and OpenCV do not.

Fig. 8: Modified OptiTrack wand used for benchmarking.

2) 3D error: For the evaluation, we attached one of our
custom marker to an OptiTrack wand, as shown in fig. 8. The
marker is the same as the one described in section III. We
moved the OptiTrack wand with the attached marker within
the workspace. Taking the 2D observations of the marker in
all the cameras, we calculate the 3D position by solving a
bundle adjustment problem, similar to eq. (1), where only
the 3D position of the marker is optimized. Finally, we

compared the 3D position from the OptiTrack system, which
we take as ground truth, to the ones we got from the
bundle adjustment. The transformation between the Optitrack
frame and our setup’s frame is calculated by matching both
generated point clouds. For the time synchronization of both,
we determine the time offset by minimizing the error with the
previously found transformation. As we can see in table II,

Method 3D positional error [mm] (mean and std)
BA (checkerboard) 47.0±35.8
BA (circleboard) 84.9±35.8
kalibr (checkerboard) 8.4±10.5
kalibr (circleboard) 8.6±10.4
BA eWand (our) 9.3±10.4

TABLE II: The 3D position MAE [mm] (mean and std) of
the different calibration methods.

the positional error of our proposed method (eWand) is
very close to the results of kalibr. Considering the standard
deviation, the error ranges do overlap. The bundle adjustment
approach using OpenCV and Ceres performs a magnitude
worse than kalibr and our approach. While kalibr does some
outlier rejection, the bundle adjustment approach does not.
The positional error with the checkerboard is the lowest in
our experiments. One possible explanation is that on the
frame reconstructions from the event data, the checkerboard
detection might perform better compared to the circleboard.

VI. CONCLUSION

Calibrating camera systems is crucial, but the standard
method of using printed patterns cannot be applied to event-
based cameras. State-of-the-art methods include reconstruct-
ing frames or using active markers. Furthermore, calibration
with the widely used calibration targets becomes challenging
for multi-camera setups with a wide baseline. Our eWand
method extends wand-based calibration to event-based cam-
eras, using blinking LEDs to eliminate the need for frame
reconstruction. eWand offers a simpler way to calibrate
extrinsic parameters of multiple cameras, maintaining accu-
racy with less effort. While achieving good results in this
first step, our bundle adjustment can be improved, e.g., by
introducing outlier rejection. In the future, we also plan
to make an improved wand with better manufacturing, for
estimating intrinsic parameters as well. Overall, eWand aims
to make setting up camera recording systems with frame- and
event-based cameras more accessible and user-friendly.

14539

51



REFERENCES

[1] T. A. Clarke and J. G. Fryer, “The development of camera
calibration methods and models,” The Photogrammetric Record,
vol. 16, no. 91, pp. 51–66, Apr. 1998. [Online]. Available:
https://doi.org/10.1111/0031-868x.00113

[2] Z. Zhang, “Flexible camera calibration by viewing a plane
from unknown orientations,” in Proceedings of the Seventh IEEE
International Conference on Computer Vision. IEEE, 1999. [Online].
Available: https://doi.org/10.1109/iccv.1999.791289

[3] J. Rehder, J. Nikolic, T. Schneider, T. Hinzmann, and R. Siegwart,
“Extending kalibr: Calibrating the extrinsics of multiple IMUs and of
individual axes,” in 2016 IEEE International Conference on Robotics
and Automation (ICRA). IEEE, May 2016. [Online]. Available:
https://doi.org/10.1109/icra.2016.7487628

[4] J. Mitchelson and A. Hilton, “Wand-based multiple camera studio
calibration,” Center Vision, Speech and Signal Process, 2003.

[5] G. Gallego, T. Delbrück, G. Orchard, C. Bartolozzi, B. Taba, A. Censi,
S. Leutenegger, A. J. Davison, J. Conradt, K. Daniilidis, and D. Scara-
muzza, “Event-based vision: A survey,” IEEE Transactions on Pattern
Analysis and Machine Intelligence, vol. 44, no. 1, pp. 154–180, 2022.

[6] Y. Zhou, G. Gallego, H. Rebecq, L. Kneip, H. Li, and
D. Scaramuzza, “Semi-dense 3d reconstruction with a stereo
event camera,” in Computer Vision – ECCV 2018. Springer
International Publishing, 2018, pp. 242–258. [Online]. Available:
https://doi.org/10.1007/978-3-030-01246-5 15

[7] J. Hidalgo-Carrio, G. Gallego, and D. Scaramuzza, “Event-aided
direct sparse odometry,” in 2022 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR). IEEE, June 2022. [Online].
Available: https://doi.org/10.1109/cvpr52688.2022.00569

[8] P. Chiberre, E. Perot, A. Sironi, and V. Lepetit, “Detecting stable
keypoints from events through image gradient prediction,” in 2021
IEEE/CVF Conference on Computer Vision and Pattern Recognition
Workshops (CVPRW). IEEE, June 2021. [Online]. Available:
https://doi.org/10.1109/cvprw53098.2021.00153

[9] M. Muglikar, M. Gehrig, D. Gehrig, and D. Scaramuzza,
“How to calibrate your event camera,” in 2021 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
Workshops (CVPRW). IEEE, June 2021. [Online]. Available:
https://doi.org/10.1109/cvprw53098.2021.00155

[10] K. Huang, Y. Wang, and L. Kneip, “Dynamic event camera cali-
bration,” in 2021 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS). IEEE, 2021, pp. 7021–7028.

[11] M. Salah, A. Ayyad, M. Humais, D. Gehrig, A. Abusafieh, L. Senevi-
ratne, D. Scaramuzza, and Y. Zweiri, “E-calib: A fast, robust and
accurate calibration toolbox for event cameras,” 2023.

[12] “Tvcal: Deploy multi-sensor calibration,” https://www.tangramvision.
com/sdk/multimodal-calibration, 2023.

[13] H. Rebecq, R. Ranftl, V. Koltun, and D. Scaramuzza, “High speed
and high dynamic range video with an event camera,” IEEE Trans.

Pattern Anal. Mach. Intell. (T-PAMI), 2019. [Online]. Available:
http://rpg.ifi.uzh.ch/docs/TPAMI19 Rebecq.pdf

[14] C. Scheerlinck, H. Rebecq, D. Gehrig, N. Barnes, R. Mahony, and
D. Scaramuzza, “Fast image reconstruction with an event camera,” in
IEEE Winter Conf. Appl. Comput. Vis. (WACV), 2020, pp. 156–163.

[15] “Calibration toolbox by rpg group,” https://github.com/uzh-rpg/rpg
dvs ros/tree/master/dvs calibration, 2014.

[16] M. J. Dominguez-Morales, A. Jimenez-Fernandez, G. Jimenez-
Moreno, C. Conde, E. Cabello, and A. Linares-Barranco, “Bio-
inspired stereo vision calibration for dynamic vision sensors,” IEEE
Access, vol. 7, pp. 138 415–138 425, 2019. [Online]. Available:
https://doi.org/10.1109/access.2019.2943160

[17] E. Mueggler, B. Huber, and D. Scaramuzza, “Event-based, 6-
DOF pose tracking for high-speed maneuvers,” in 2014 IEEE/RSJ
International Conference on Intelligent Robots and Systems. IEEE,
Sept. 2014. [Online]. Available: https://doi.org/10.1109/iros.2014.
6942940

[18] “Calibration toolbox by vlo group,” https://github.com/VLOGroup/
dvs-calibration, 2017.

[19] “Calibration toolbox by prophesee,” https://docs.prophesee.ai/
metavision sdk/modules/calibration/guides/intrinsics.html, 2022.

[20] K.-Y. Shin and J. H. Mun, “A multi-camera calibration method
using a 3-axis frame and wand,” International Journal of Precision
Engineering and Manufacturing, vol. 13, no. 2, pp. 283–289, Feb.
2012. [Online]. Available: https://doi.org/10.1007/s12541-012-0035-1

[21] M. LLC. (2023) Active marker 2d tracking sample - metavision sdk
docs 4.3.0 documentation. [Online]. Available: https://docs.prophesee.
ai/stable/samples/modules/cv/active marker 2d tracking cpp.html

[22] B. Pfrommer, “Frequency cam: Imaging periodic signals in real-time,”
2022. [Online]. Available: https://arxiv.org/abs/2211.00198

[23] R. I. Hartley, “Extraction of focal lengths from the fundamental
matrix,” 2001.

[24] S. Bougnoux, “From projective to euclidean space under any practical
situation, a criticism of self-calibration,” in Sixth International
Conference on Computer Vision (IEEE Cat. No.98CH36271).
Narosa Publishing House. [Online]. Available: https://doi.org/10.
1109/iccv.1998.710808

[25] R. Hartley and A. Zisserman, Multiple View Geometry in Computer
Vision, 2nd ed. USA: Cambridge University Press, 2003.

[26] Z. Zhang, “A flexible new technique for camera calibration,”
IEEE Transactions on Pattern Analysis and Machine Intelligence,
vol. 22, no. 11, pp. 1330–1334, 2000. [Online]. Available:
https://doi.org/10.1109/34.888718

[27] S. Agarwal, K. Mierle, and T. C. S. Team, “Ceres Solver,” 3 2022.
[Online]. Available: https://github.com/ceres-solver/ceres-solver

[28] G. Bradski, “The OpenCV Library,” Dr. Dobb’s Journal of Software
Tools, 2000.

14540

Appendix B eWand: A calibration framework for wide baseline camera systems

52



Appendix C

BiasBench: A reproducible benchmark
for tuning the biases of event cameras

Authors
Andreas Ziegler∗, David Joseph∗, Thomas Gossard∗, Emil Moldovan
and Andreas Zell

Published in
2025 IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition Workshops (CVPRW 2025)

Time of publication
June 2025

DOI

Included in this dissertation with permission from IEEE.
©2025 IEEE.

53



BiasBench: A reproducible benchmark for tuning the biases of event cameras

Andreas Ziegler* Thomas Gossard∗ David Joseph∗ Emil Moldovan Andreas Zell
Cognitive Systems Group, University of Tübingen, Germany
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Abstract

Event-based cameras are bio-inspired sensors that detect
light changes asynchronously for each pixel. They are in-
creasingly used in fields like computer vision and robotics
because of several advantages over traditional frame-based
cameras, such as high temporal resolution, low latency, and
high dynamic range. As with any camera, the output’s qual-
ity depends on how well the camera’s settings, called bi-
ases for event-based cameras, are configured. While frame-
based cameras have advanced automatic configuration al-
gorithms, there are very few such tools for tuning these bi-
ases. A systematic testing framework would require observ-
ing the same scene with different biases, which is tricky
since event cameras only generate events when there is
movement. Event simulators exist, but since biases heavily
depend on the electrical circuit and the pixel design, avail-
able simulators are not well suited for bias tuning. To allow
reproducibility, we present BiasBench, a novel event dataset
containing multiple scenes with settings sampled in a grid-
like pattern. We present three different scenes, each with a
quality metric of the downstream application. Additionally,
we present a novel, RL-based method to facilitate online
bias adjustments.

1. Introduction
The human eye operates differently from a traditional,
frame-based camera. Its retinal receptors respond to
changes in light within the environment, converting these
changes into signals that are then transmitted to the brain.
The eye can detect as many as a thousand light changes
per second while ignoring the mostly static background.
Event-based cameras, inspired by the human visual sys-
tem, address several limitations of frame-based cameras,
including low temporal resolution, high latency, limited
dynamic range, and data redundancy. These bio-inspired
sensors operate asynchronously, with each pixel indepen-
dently detecting light changes and generating events that in-

*equal contribution
This research was partially funded by Sony AI.

Figure 1. Accumulated event frames of the spinning disk setup of
our event dataset with different bias diff on and bias diff off. As
can be seen, different bias settings heavily influence the signal-to-
noise ratio.

dicate whether luminosity has increased or decreased. This
mechanism results in superior temporal resolution, allow-
ing event-based cameras to capture fast movements with
significantly less motion blur. Since only changes in light
intensity are recorded, static parts of the image do not pro-
duce events. This makes event-based cameras very useful
in many computer vision and robotics applications where a
high temporal resolution, low latency, and a high dynamic
range are needed.

Event-based cameras are configured through five param-
eters, commonly referred to as biases, which govern event
detection thresholds and signal filtering. These five biases
are the positive and negative thresholds for the event gen-
eration, the cut-off frequencies for a low- and high-pass
filter, and the refractory period, which defines the dead
time after a pixel generated an event, defined as the tu-
ple (bias diff on, bias diff off, bias fo, bias hpf, bias refr).
There is no universal bias configuration: they depend on
the downstream task. Event-based cameras have been used
for a wide range of applications, e.g., object tracking [22],
image segmentation [2, 31], odometry [14]. They are partic-
ularly effective at capturing high-frequency phenomena [4],
as well as scenes in both low-light conditions [29] and
bright sunlight [8], provided the biases are appropriately se-
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lected. This implies that the biases are tailored to the spe-
cific task. The full potential of event-based cameras can,
therefore, only be realized when they are properly config-
ured. A favorable choice of biases can result in a low noise
and high contrast output, which is beneficial for the down-
stream application.

This raises the question of how to optimally control the
biases of an event-based camera. In order to develop algo-
rithms for bias tuning we need to be able to evaluate the ef-
fect of different settings. For this, event data from the same
scene with different bias settings is needed. Furthermore,
if we want to compare different algorithms, the event data
should be reproducible. Recreating the same real-world
recording setup in different research labs seems difficult to
achieve. As for other applications, event simulators could
be considered as an option. However, the sim2real gap
could cause problems, especially since the biases depend
very much on the electric circuit and the pixel design of the
event camera, which are not accurately modeled in avail-
able event simulators. Therefore, we present a novel dataset
that contains multiple scenes with a grid sampling of bias
settings. A snapshot is shown in Fig. 1. Instead of using
a real event camera to develop bias-tuning algorithms, our
novel event dataset can be used. After the algorithm pro-
poses a set of biases, the corresponding dataset recording
can be used instead of changing the biases of an actual event
camera. This allows a reproducible event stream without
the need of a carefully designed calibration setup, speeding
up the development of bias-tuning algorithms. Next to the
event recordings with different sets of biases, we also pro-
vide a quality metric for the event streams of each of the
three setups. Additionally, we introduce an initial baseline
algorithm for tuning the two most commonly used biases,
the on and off thresholds, leveraging our dataset to enable
online bias optimization.

When tuning the biases, we are sequentially adjust-
ing the biases to get the best event stream for our down-
stream application. This process can be formulated as a
cro:MDPMarkov Decision Process (MDP), defined by the
tuple (S,A,P, r), where:

• S : observed event stream under the current bias settings.

• A : the set of possible bias modifications that influence
the event generation process.

• P : S ×A → S : the probabilistic evolution of the event
stream in response to bias changes.

• r : S ×A → R : the reward for a given bias change.

However, both P and r are inaccessible in practice. Mod-
eling P is infeasible for two reasons: (1) Event cameras
capture brightness changes rather than absolute intensity,
making it difficult to isolate bias effects from scene dynam-
ics. (2) The event camera’s response to biases is highly

nonlinear and interdependent, lacking a precise physical
model. Consequently, model-based cro:RLReinforcement
Learning (RL) is not applicable.

As for r, it could be defined via properties like event
sparsity, noise reduction, or task performance. While
cro:EREvent Rate (ER) can quantify sparsity, real-time
noise estimation remains unavailable, and event stream
quality depends on the task. To bypass the need for a
cost function, we propose to instead use cro:BCBehavioral
Cloning (BC) to adjust camera biases.

Contributions of this work are as follows:
• We present a novel event dataset for bias tuning, contain-

ing multiple scenes covering a grid of bias settings
• For each scene, we provide a quality metric and, there-

fore, a quality measure for each bias configuration
• We present a Behavioral Cloning (BC) pipeline as a base-

line algorithm that is able to tune the two most common
biases of event cameras online

• We make the recorded dataset, the metric, and the base-
line algorithm publicly available

2. Related Work
We structure the related work as follows: First, we dis-
cuss bias settings and the best practices for manual tuning
in Sec. 2.1. Then, we review approaches for automatic bias
tuning in Sec. 2.2.

Finally, we cover key aspects of RL relevant to this study
in Sec. 2.3.

2.1. Bias Settings
A first step towards automatic bias tuning is understand-
ing the biases and their effect on the event stream. Several
papers meticulously document the behavior of the event-
based camera. In [11], the behavior of the DVS pixels for
different bias parameters is described through extensive ex-
perimentation and measurements. In addition, the authors
propose a new way to interpret events as a combination of
signal, noise, and leakage. An outline of the manual bias
optimization process is given, and general indications are
proposed for different scenarios. This, and several other pa-
pers [10, 24], have described the process of manually find-
ing optimal biases. The most widely used metric in the
literature for rating an event camera’s output is the Event
Rate (ER) [5, 21]. However, in cases where the event cam-
era is used for object detection, another way of rating the
output is by measuring its sharpness, a method proposed
in [25]. This is achieved by calculating the average gradient
of the frame. The authors conclude that this method shows
promise but highlights the potential advantages of a metric
that operates directly on the event stream without requiring
frame generation.

In all the mentioned work, tuning the biases has to be
done manually. Other works have simply used the default
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settings of the camera [3] or do not mention them [9]. Our
work provides the necessary dataset to develop algorithms
that tune the biases automatically. In addition, we also
present a first baseline algorithm.

2.2. Automatic Bias Tuning

Comparatively, little has been done in the field of automatic
bias tuning, given the plethora of research around event-
based computer vision. Multiple papers [10, 11, 21] deal-
ing with the problem of finding optimal bias settings have
resorted to measuring and rating the output for a range of
different bias settings and then manually changing these bi-
ases.

In [5], the authors presented a closed-loop control
method, representing a first step towards automatic bias tun-
ing, using a combination of three fixed-step feedback con-
trollers. These feedback controllers take measurements of
the ER and noise and regulate them using all five bias pa-
rameters. The noise is calculated using a denoising algo-
rithm and measuring how many events are removed. An
optimal range is defined for the ER and the noise, and a
simple algorithm changes the bias values if the two mea-
surements leave their optimal ranges. The ER is regulated
by increasing the thresholds if it is too high and decreasing
them if it is too low. The ER is also limited by increasing the
refractory period. The noise is controlled by adjusting the
bandwidth. One limitation is that achieving the optimal bias
setting requires multiple steps. Additionally, each threshold
adjustment can trigger a burst of events, potentially leading
to a short-term decline in the quality of the event stream
with every change. Our proposed baseline does not require
multiple steps, as it suggests the bias change necessary to
reach an optimal bias in one step.

Another approach, and the most advanced work on the
topic of which we are aware of, builds on the same idea but
uses a two-part algorithm [21]. The algorithm controlling
the biases uses two methods: fast adaptation, which changes
the refractory period in order to limit the ER, and slow adap-
tation, which consists of changing the thresholds and ad-
justing the low-pass filter if fast adaptation is not enough to
limit the ER. This split into two adaptations is necessary
because only the refractory period does not cause visual ar-
tifacts when changed, which is problematic for the visual
place recognition task presented in [21]. This means that
the other three bias parameters should not be changed too
often so as not to cause too much noise. For downstream
applications such as visual(-inertial) odometry, SLAM, or
object detection, this could lead to missing objects or los-
ing track of the trajectory. While this approach is more ad-
vanced, it only considers the ER as a metric for the quality
of the event stream. On the contrary, in our work, we rely on
expert demonstrations so that the pipeline mimics an expert
and does not only rely on the ER.

2.3. Reinforcement Learning

Instead of manually designing a control algorithm, RL has
proven to be successful in learning complex control poli-
cies given enough demonstrations [17, 27]. In a more sim-
ilar task, like adjusting the exposure time of a frame-based
camera, RL was also successfully applied [20]. For RL al-
gorithms to converge to something meaningful, a valid re-
ward function is needed. This even led to its own research
directions with reward engineering [28] and reward shap-
ing [19].

Unfortunately, we do not have access to a metric ca-
pable of evaluating the quality of the events compared to
frame-based cameras, which makes vanilla RL not appli-
cable. As is evident from the literature on bias tuning for
event-based cameras, there is no universal metric to mea-
sure the quality of an event stream. Many works use the
ER as a quality indicator, but this is too short-sighted. This
is applicable to certain tasks, but depending on the scene,
the ER might vary greatly and is therefore not transferable
to other problems. Instead of going the route of reward en-
gineering, we rely on cro:ILImitation Learning (IL), a sub-
group of RL. The reward function is either learned from
data, which is called cro:IRLInverse Reinforcement Learn-
ing (IRL), or the behavior is learned directly from expert
demonstrations in a supervised fashion, which is called Be-
havioral Cloning (BC).

In a first work [1], the authors introduced an apprentice-
ship learning algorithm that uses demonstrations from an
expert to learn via Inverse Reinforcement Learning (IRL).
IRL was further improved by employing the principle of
maximum entropy in [32]. It is further extended by using
a Fully Convolutional Neural Network (FCNN) for the re-
ward instead of a linear mapping of features, which allows
for more complex feature mappings [30]. Data-driven RL
has also been used in robotics applications, e.g., to control
a robot arm with images as input [28].

In this work, we developed an BC policy for bias tun-
ing, which serves as a baseline. Specifically, we use
TD3+BC [6], a simple approach to offline RL where
TD3 [7] has been changed in two ways: A weighted be-
havior cloning loss is added to the policy update, and the
states are normalized.

3. Dataset

As previously mentioned, to develop algorithms for auto-
matic bias tuning, event data from the same scene with dif-
ferent bias settings is needed. Since there is no standard
approach to tuning the biases on event cameras yet, there is
also no standard setup to do so. While the number of pos-
sible scenes is unlimited, everyone could build their own
setup. We believe reproducible data in the form of a bench-
mark can help the community to make comparisons.
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Figure 2. The spatter tracker from the Metavision SDK for differ-
ent event data with the bias settings (left) (20,−10,−35, 24, 126),
(middle) (20, 25, 10, 0,−20), and (right) (−10, 95, 10, 0, 53).

Although there are multiple event simulators available
these days [15, 16, 23, 33], none of them model all the bias
settings accurately, which is essential given that the biases
are very much dependent on the electric circuit and pixel
design of an event camera. Therefore, we present a dataset
containing multiple setups with various bias settings, each
with two scenes to be used for training/development and
test. Changing the biases of the camera will be simulated
by changing the file being read, so as to match the new bi-
ases. For each setup, we provide a quality metric and a qual-
ity measurement for each recorded bias configuration. This
dataset is intended to serve the community as a benchmark
and enable the development of bias-tuning algorithms.

All recordings were captured using Prophesee EVK4
event cameras. The spinning dot and blinking LED datasets
were recorded with an 8mm lens, while the robot arm
dataset was recorded with a 6mm lens. The focus was ad-
justed using the Metavision Focus Adjustment tool1, and
the aperture was set to f/4.

We recorded two scenes of the same setup with the
same lighting conditions so that any differences between
the recordings are caused by the bias settings and not by
changes in the scene. To allow for the development of
model-based or learning-based algorithms for bias tuning,
we need setups for which we can define a quality metric.
Thus, we built three different setups: a spinning dot, an
LED board consisting of LEDs with different blinking fre-
quencies and waveforms, and an event camera attached to
a robot arm, performing a trajectory as an cro:VOVisual
Odometry (VO) example.

3.1. Spinning Dot
The spinning dot has become a famous example to explain
the working principles of an event camera. We brought this
example alive by attaching a grey or black dot to a spinning
disk.

We spin the dot at 10 rps and film it with the event cam-
era 0.4m away from the dot spinner. The setup is shown
in Fig. 11 in the supplementary material. Using the event
camera, we captured 38, 880 recordings, each with a grey

1ttps : / / docs . prophesee . ai / stable / samples /
modules/calibration/focus.html

Bias Start End Number of biases
bias diff on -30 130 18
bias diff off -10 190 18

bias fo -35 55 5
bias hpf 0 120 6
bias refr -20 200 4

Table 1. Bias values for the spinning dot setup. We choose an
equidistant bias selection.

and a black dot, with different bias settings. Each recording
is one second long. We also wait a bit after each bias update
to ignore the event burst, which can occur when changing
the bias parameters. The light source comprises LED panels
without pulse modulation, resulting in a constant brightness
at an experiment level of around 1500 lumen.

For the bias settings, we choose an equidistant selection
covering the whole range of the biases, listed in Tab. 1.
More details can be found in Sec. 8.1 in the supplementary
material. To obtain a quality metric for the spinning dot, we
used the spatter tracker from the Metavision SDK2, shown
in Fig. 2. The accumulation time was set to 1ms, and the
tracking was limited to within the spinning disk to ignore
events generated by the edge of the disk.

In this work, we introduce three distinct metrics for eval-
uating the quality of the tracking, taking into account the
influence of the biases of event cameras. The first metric
is the tracklet fragmentation TF, which quantifies the num-
ber of distinct tracklets corresponding to the spinning dot.
Ideally, this value should be 1, indicating continuous track-
ing without interruption or fragmentation. The second met-
ric is the tracking length TL, representing the total duration
for which the dot is being tracked. This includes periods
when the dot is tracked under different tracking identifiers
(IDs). A longer tracking length suggests more consistent
tracking, though varying tracklet IDs may indicate track-
ing challenges. Additionally, we record the total number
of different tracklets Ntracklets detected during the track-
ing process. In an ideal scenario, this number should be 1,
reflecting that only the spinning dot is being tracked. Any
additional tracklets are typically due to noise or false pos-
itives, such as detected spatters, which we aim to mitigate.
We consider biases valid when TL > 0.75. Under this cri-
terion, 44% of the settings result in successful dot tracking
for the black dot.

3.2. Blinking LED Board
To see the influence of the low-pass and high-pass filter,
controlled by the biases bias fo and bias hpf, we designed

2https : / / docs . prophesee . ai / stable / samples /
modules / analytics / tracking _ spatter _ py . html #
chapter - samples - analytics - tracking - spatter -
python
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(a) Blinking LED board

(b) Waveform for each correspond-
ing LED, bottom left values are the
test set frequencies, and top right
are the train set frequencies.

Figure 3. Blinking LED setup

Bias Start End Number of biases
bias diff on -80 120 11
bias diff off -30 170 11

bias fo -29 48 8
bias hpf 4 116 8
bias refr -15 225 4

Table 2. Bias values for the LED board setup. We choose an
equidistant bias selection.

an LED board, shown in Fig. 3a. We used a 4 × 4 LED
grid, each emitting different waveforms to introduce vary-
ing light intensity patterns, as visualized in Fig. 3b.

The four LEDs in the top row emitted a square wave-
form with a 0.5 duty cycle, each operating at a different
frequency. The six LEDs on the lower left followed a sine
wave with six distinct frequencies, while the six on the
lower right emitted a triangular waveform with matching
frequencies. This setup was designed to ensure diverse light
intensity variations. We set the frequencies to different val-
ues to distinguish the train and test set. These frequencies
are described in Figure 3b.

For the bias settings, we choose an equidistant selection
covering the whole range of the biases, listed in Tab. 2. This
gave us a total of 30, 967 recordings. More details can be
found in Sec. 8.2 in the supplementary material.

As a quality metric, we estimated the frequencies of the
LEDs by fitting a cosine function to the difference in pos-
itive and negative events within the region associated with
the LED. With this estimated frequency and its error, fest
and ∆fest respectively, the true frequency, f0, we define
our metric as Relative Frequency Uncertainty (RFU)

RFU =
|fest − f0|+∆fest

f
. (1)

A value of 0 indicates a perfect frequency estimation with
a negligible error, while higher values represent the rela-
tive size of misalignment and error compared to value. We
cut this at a value of 2 to not overestimate on single bad-
fitted frequencies. We consider biases valid when every fre-

Figure 4. Examples of the frequency estimation for different LEDs
and bias settings. The real event data is given in blue, the best fit
in red. The red-shaded area resembles the uncertainty of the fit
from the frequency estimate. The resulting Relative Frequency
Uncertainty (RFU) is for the function on the top 0.018, for the
function in the middle 0.04, and for the function on the bottom
0.4.

Bias Start End Number of biases
bias diff on -50 140 15
bias diff off -10 190 15

bias fo -30 55 5
bias hpf 0 120 6
bias refr 0 0 1

Table 3. Bias values for the VO setup. We choose an equidistant
bias selection.

quency could be estimated with an RFU of below 2. Under
this criterion, 55% of the settings result in a successful fre-
quency estimation.

3.3. Visual Odometry (VO)
For a more application-oriented setup, we recorded event
data intended to be used for event-based VO pipelines. We
recorded the events for a trajectory in which the camera
moved left and right in one plane for 10s. To get a re-
peatable motion and an accurate ground truth trajectory, we
mounted an event camera to the end-effector of a Pandas
robot arm, shown in Fig. 18 in the supplementary mate-
rial. The ground truth trajectory from the end-effector of
the robot arm is shown in Fig. 5.

For the bias settings, we choose an equidistant selection,
covering the whole range of the biases listed in Tab. 3. More
details can be found in Sec. 8.3 in the supplementary mate-
rial.

To get a metric, we run DEVO [18], a state-of-the-art
event-based VO pipeline, on all event recordings and eval-
uated the resulting trajectories with evo [12]. This led to
6750 recorded event streams and trajectories.
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Figure 5. The ground truth trajectory of the end-effector of a
Pandas robot arm is shown in in black. The trajectory out-
put from DEVO [18] for the bias settings (17, 18, 33, 24) is
shown in in blue. And the trajectory output for the bias settings
(17, 18, 55, 96) is shown in in green. Despite the similar bias val-
ues, the VO failed in one case.

(a) Success
biases = [17, 18, 33, 24, 0]

(b) Failure
biases = [17, 18, 55, 96, 0]

Figure 6. Comparison of accumulated event frames of (a) a suc-
cessful and (b) a failed estimated trajectory with different biases.

In Figure 6, we present accumulated event frames for
two different bias configurations. Although the event
frames appear visually similar, DEVO successfully inferred
the trajectory in one case but failed in the other, as shown
in Fig. 5. This underscores the fact that even when the event
stream looks comparable to human observers, its effective-
ness in downstream tasks can vary significantly.

From all recorded trajectories, we visualize the
cro:APEAbsolute Pose Error (APE) of five selected ones
in Fig. 7. These trajectories are chosen such that their er-
rors are evenly spaced across the range of observed errors.

From Fig. 7, it can be seen that only the recording with
the bias settings (−9, 4,−8, 0, 0) led to a reasonable APE.
This shows the importance of bias tuning in order for a
downstream application to give reasonable results.

We consider biases valid when APE < 0.13. Under this
criterion, 10.05% of the settings result in a successful tra-

Figure 7. The Absolute Pose Error (APE) plot of five trajectories,
each with different bias settings, estimated by DEVO [18]. These
five trajectories are picked to have an equidistant error between
each other.

jectory estimate.

4. A Baseline
In addition to the presented dataset and to showcase how
our dataset can be used, we developed a BC based pol-
icy baseline to tune the two most commonly used biases,
bias diff on and bias diff off with the other biases set to de-
fault values.

4.1. Method
As previously mentioned, we framed bias optimization as
a MDP defined by the tuple (S,A,P, r). Since formulat-
ing a good reward function is complicated and there is not
yet a cost function the literature agrees on, we choose an IL
based approach. Therefore, we leverage expert demonstra-
tions using our dataset and employ a BC algorithm to learn
a policy for adjusting the two threshold biases, bias diff on
and bias diff off. We used the recorded event streams from
our novel dataset and manually generated expert demonstra-
tions by specifying the biases we estimated were optimal.

The input of the model is a compressed latent space
of the event stream that we get from a feature extraction
pipeline and an expert demonstration. The feature extrac-
tion is done in multiple steps. We start by accumulating
ON-events and OFF-events for an accumulation time of
8ms, each resulting in one channel. These two channels
have the resolution of the used event camera (1280 × 720
pixels). Due to hot pixels, there are pixels with some events
that are orders of magnitude higher than the rest of the pix-
els. This will lead to a decrease in sensitivity in the nonde-
fect pixels after normalization. Therefore, we do not nor-
malize the input by dividing with the maximal value. We
linearly scaled the 90% of data with the lowest event count
to 0.9 while mapping the remaining 10% to the range from
0.9 to 1. This way, we do not ignore hot pixels but do not
let them dominate the input data.

The next step is applying a pre-trained ResNet [13] as
a feature extraction algorithm on the normalized input. To
conform with the input dimensions of ResNet, we added an
empty third channel to the two accumulated event channels.
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Event-based camera

The steps of the feature extraction

CNN feature
extractor

Feature vector

Accumulated
event frame

Figure 8. The steps of the feature extraction from the event stream
to a vector of floats. We use ResNet50 [13] as a feature extractor.

ResNet uses an input resolution of 224× 224, whereas our
accumulated event frames have a resolution of 1280 × 720
pixels. To resolve this incompatibility, we divide the his-
tograms into sub-frames and apply the feature extraction on
each of these sub-frames. For each subframe, we get a fea-
ture vector with a size of 1000. These stacked feature vec-
tors can then be used as input for the BC learning algorithm.
All the steps involved in the feature extraction are sketched
in Fig. 8.

Next to the extracted features from the event data, the
second input to the BC model is an expert demonstration.
The demonstrations need to have the same format as the
actions, so the expert must choose the absolute bias set-
tings that seem best for each recording or change the bi-
ases needed to reach this setting. Other work [20] found
that relative changes perform better than absolute values, so
we have decided to also use relative bias changes as expert
demonstrations. For the expert demonstration, we choose
optimal bias settings where the ER is low, indicating a low
level of noise, while the spinning dot is clearly visible.

For the BC algorithm we adapted the TD3+BC algo-
rithm [6] from its implementation in the online library
d3rlpy3 [26]. This adaptation includes the adjustment of the
input to accept our features and calculating the loss using
the Euclidean distance between the prediction and the ex-
pert demonstration. The overall pipeline used for this learn-
ing process is illustrated in Fig. 19 in the supplementary
material.

For training, we created 10000 randomly distributed ac-
cumulated event frames. As a loss, we implemented the
mean Euclidean distance between predicted and expert ac-
tion. As hyperparameters, we chose a learning rate of
0.0003, a batch size of 265, a discount factor of 0.99, and
Adam as the optimizer.

To evaluate the capabilities of the learned BC model, we
performed the following experiments.

4.2. Experiments
Influence of the training and evaluation data Having
two datasets with the spinning dot, one with a black dot
and one with a gray dot, we investigated the influence of

3https://github.com/takuseno/d3rlpy

Model trained on Model validate on Test loss
Black dot dataset Grey dot dataset 0.26
Grey dot dataset Black dot dataset 0.2

Table 4. The final loss values with different training and test data
after the training process finished. The loss is given in the Mean
Squared Error of the normalized proposed action.

the training and test dataset. We speculated that training the
model on the recordings of the black dot would lead to a
model that generalizes far worse than the one trained on the
recordings of the grey dot because the black dot is always
visible even for the maximum values of the thresholds as
opposed to the grey dot. This means that the model would
never encounter the state in which the dot is not visible in
training, leading to it suggesting sub-optimal actions if it en-
counters that state. We tested this hypothesis by performing
different runs. In one run, we trained the model on record-
ings of the black dot and validated it on the grey dot. In
another run, we trained the model on the grey dot and val-
idated it on the black dot. For the test dataset, we created
200 accumulated event frames from the 100 recordings of
the other dot. The results of this comparison in Tab. 4 prove
our hypothesis that the model trained on the black dot is less
accurate.

Object Tracker We use the same metrics as defined in
Section 3.1. We used three different initial bias pairs to
test starting configurations. As inadequate bias values, we
used bias diff off = −10 and bias diff on = −35. For
sub-optimal bias values, we used bias diff off = 65 and
bias diff on = −10. And as optimal bias values bias diff off
= 40 and bias diff on = 40. After the bias values were set,
we used our model to adjust the biases and then started the
object tracker.

The results of this experiment are listed in Tab. 5, and an
example of a change in bias is shown in Fig. 22. The model
struggled with large initial bias diff off values, proposing
excessive bias changes that weakened the signal, but this is
uncommon in real-world scenarios where default bias val-
ues as a starting point ensure stable bias adjustments.

Convergence Behavior In order to check whether the
model converges for any bias value and does not simply
maximize the thresholds for every scene, we run our model
for each of the 100 grey dot recordings and report the sum of
the relative bias changes of the threshold predictions. The
result as a heat map can be seen in Fig. 9. The absolute value
of the actions gets smaller and smaller until they reach the
setting bias diff off = 40 and bias diff on = 40, where they
are closest to zero. This indicates that the model correctly
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Initial biases Average proposed bias change Demonstration bias change Success rate
diff off diff on diff off diff on

-10, -35 21± 10 100± 10 25 75 1.0
65, -10 6± 5 35± 10 -10 10 0.8
40, 40 10± 5 16± 5 0 10 1.0

Table 5. Results of an object tracker experiment over 10 runs. The initial bias settings are expressed as two numbers which represent the
settings bias diff off and bias diff on. The last column expresses the success rate of how many times the model has found an optimal bias
setting and was able to track the dot over the number of experiments.

Figure 9. A heat map showing the sum of the relative bias changes
suggested by the model for different bias diff off and bias diff on
for the recordings of the grey dot. For the bias pair bias diff off
= 40 and bias diff on = 40, the sum of the actions is the smallest,
which resembles the optimal bias settings for this scene.

identifies this bias pair as an optimal bias setting. Addition-
ally, the absolute value of the actions is larger the farther
away the bias settings are from this setting.

The same thing happens for the recordings of the black
dot. The corresponding heat map is shown in Fig. 10. We
can see that the sum of the bias changes generally gets
smaller the closer the biases are to the value of 40 for
bias diff off and the value 65 for bias diff on. The model
converges around these values, which are different com-
pared to the convergence values for the grey dot. Therefore,
the model recognizes the different scenes and has different
predictions and optimal biases for each one.

5. Limitations and future work
Our approach is limited by the discrete and relatively large
step sizes used during bias tuning, which may restrict fine-
grained optimization. Additionally, the metrics employed

Figure 10. A heat map showing the relative bias changes sug-
gested by the model for different bias diff off and bias diff on for
the recordings of the black dot. For the bias pair bias diff off = 40
and bias diff on = 65, the sum of the actions is the smallest, which
resembles the optimal bias settings for this scene.

are inherently biased by the parameters of the downstream
application, potentially limiting their generalizability across
different tasks.

6. Conclusion

Event-based cameras offer advantages in computer vision
but require well-tuned biases for optimal performance. To
facilitate automated bias tuning, we introduced BiasBench,
a dataset of scenes captured under varying biases with cor-
responding quality metrics. This dataset enables the devel-
opment and evaluation of tuning algorithms, fostering a bet-
ter understanding of bias selection for different tasks. Ad-
ditionally, we presented a baseline RL-based approach that
learns bias tuning from expert demonstrations using Behav-
ioral Cloning (BC).
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Alex Bridgland, Clemens Meyer, Simon A. A. Kohl,
Andrew J. Ballard, Andrew Cowie, Bernardino Romera-
Paredes, Stanislav Nikolov, Rishub Jain, Jonas Adler, Trevor
Back, Stig Petersen, David Reiman, Ellen Clancy, Michal
Zielinski, Martin Steinegger, Michalina Pacholska, Tamas
Berghammer, Sebastian Bodenstein, David Silver, Oriol
Vinyals, Andrew W. Senior, Koray Kavukcuoglu, Pushmeet
Kohli, and Demis Hassabis. Highly accurate protein struc-
ture prediction with alphafold. Nature, 596(7873):583–589,
2021. 3

[18] Simon Klenk, Marvin Motzet, Lukas Koestler, and Daniel
Cremers. Deep event visual odometry. In 2024 International
Conference on 3D Vision (3DV), page 739–749. IEEE, 2024.
5, 6

[19] Adam Daniel Laud. Theory and application of reward shap-
ing in reinforcement learning. PhD thesis, USA, 2004. 3

[20] Kyunghyun Lee, Ukcheol Shin, and Byeong-Uk Lee. Learn-
ing to control camera exposure via reinforcement learning.
In 2024 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR), page 2975–2983. IEEE, 2024. 3,
7

[21] Gokul B. Nair, Michael Milford, and Tobias Fischer. En-
hancing visual place recognition via fast and slow adaptive
biasing in event cameras. In 2024 IEEE/RSJ International
Conference on Intelligent Robots and Systems (IROS), page
3356–3363. IEEE, 2024. 2, 3

[22] Etienne Perot, Pierre de Tournemire, Davide Nitti, Jonathan
Masci, and Amos Sironi. Learning to detect objects with a 1
megapixel event camera. In Advances in Neural Information
Processing Systems, pages 16639–16652. Curran Associates,
Inc., 2020. 1

[23] Henri Rebecq, Daniel Gehrig, and Davide Scaramuzza.
ESIM: an open event camera simulator. Conf. on Robotics
Learning (CoRL), 2018. 4

[24] Rui Graca, Brian McReynolds, and Tobi Delbruck. Optimal
biasing and physical limits of dvs event noise. 2023. 2

[25] Mehdi Sefidgar Dilmaghani, Waseem Shariff, Cian Ryan,
Joe Lemley, and Peter Corcoran. Control and evaluation

9



of event cameras output sharpness via bias. In Fifteenth
International Conference on Machine Vision (ICMV 2022),
page 37. SPIE, 2023. 2

[26] Takuma Seno and Michita Imai. d3rlpy: An offline deep
reinforcement learning library. Journal of Machine Learning
Research, 23(315):1–20, 2022. 7

[27] David Silver, Julian Schrittwieser, Karen Simonyan, Ioannis
Antonoglou, Aja Huang, Arthur Guez, Thomas Hubert, Lu-
cas Baker, Matthew Lai, Adrian Bolton, Yutian Chen, Timo-
thy Lillicrap, Fan Hui, Laurent Sifre, George van den Driess-
che, Thore Graepel, and Demis Hassabis. Mastering the
game of go without human knowledge. Nature, 550(7676):
354–359, 2017. 3

[28] Avi Singh, Larry Yang, Kristian Hartikainen, Chelsea Finn,
and Sergey Levine. End-to-end robotic reinforcement learn-
ing without reward engineering. Robotics: Science and Sys-
tems, 2019. 3

[29] Antoni Rosinol Vidal, Henri Rebecq, Timo Horstschaefer,
and Davide Scaramuzza. Ultimate slam? combining events,
images, and imu for robust visual slam in hdr and high-
speed scenarios. IEEE Robotics and Automation Letters, 3
(2):994–1001, 2018. 1

[30] Markus Wulfmeier, Peter Ondruska, and Ingmar Posner.
Maximum entropy deep inverse reinforcement learning.
arXiv preprint arXiv:1507.04888, 2015. 3

[31] Yi Zhou, Guillermo Gallego, Xiuyuan Lu, Siqi Liu, and
Shaojie Shen. Event-based motion segmentation with spatio-
temporal graph cuts. IEEE Transactions on Neural Networks
and Learning Systems, pages 1–13, 2021. 1

[32] Brian D. Ziebart, Andrew Maas, J. Andrew Bagnell, and
Anind K. Dey. Maximum entropy inverse reinforcement
learning. In Proceedings of the 23rd National Conference
on Artificial Intelligence - Volume 3, page 1433–1438. AAAI
Press, 2008. 3

[33] Andreas Ziegler, Daniel Teigland, Jonas Tebbe, Thomas
Gossard, and Andreas Zell. Real-time event simulation with
frame-based cameras. In 2023 IEEE International Confer-
ence on Robotics and Automation (ICRA). IEEE, 2023. 4

10



BiasBench: A reproducible benchmark for tuning the biases of event cameras

Supplementary Material

7. Access to the Dataset
The dataset, the presented metrics as well as some addi-
tional information is accessible on our project website:

8. Datasets
Here, we provide some additional information about the
three setups of our dataset. The spinning dot in Sec. 8.1,
the blinking LED board in Sec. 8.2, and the Visual Odome-
try (VO) in Sec. 8.3.

8.1. Spinning Dot
The setup of the spinning dot is shown in Fig. 11. A selec-

Figure 11. The setup of how we recorded the spinning dot con-
sists of an EVKv4 event-based camera from Prophesee with a res-
olution of 1280 × 720 pixels and a white disk with a grey dot
connected to a motor. The distance between the motor and the
spinning disk is 40 centimeters.

tion of screen captures from the recordings of the grey dot
with their bias settings is visualized in Fig. 12. And for the
black dot with their bias settings in Fig. 13.

8.2. Blinking LED Board
A blinking LED board, shown in Fig. 14, was specifically
designed as an evaluation tool for event cameras in a sci-
entific study. Its purpose is to enable the simultaneous ob-
servation of varying frequencies and luminosity gradients,
offering a robust testing environment for evaluating event
camera performance under diverse conditions.

The board consists of a total of 16 LEDs, categorized as
follows:
• High-Frequency Blinking LEDs (4 LEDs): These

LEDs blink at high frequencies that are not perceivable

by the human eye (>50 Hz). They are particularly sen-
sitive to the bias hpf bias setting, as higher cutoff fre-
quencies in the high-pass filter will predominantly retain
events from these high-frequency LEDs while filtering
out lower-frequency signals.

• Sinusoidal Luminosity LEDs (6 LEDs): These LEDs
modulate their brightness following a sinusoidal wave at
different frequencies. The smooth, continuous change in
luminosity creates a distinct time gradient in the events
generated by the camera.

• Triangular Wave Luminosity LEDs (6 LEDs): These
LEDs also change their brightness at the same set of fre-
quencies as the sinusoidal LEDs, but with a triangular
wave pattern. The sharper transitions of the triangular
wave offer a different type of temporal gradient for eval-
uation.

The difference in frequencies across the sinusoidal and
triangular LEDs results in varying temporal gradients, al-
lowing for a nuanced assessment of how the event camera
responds to different rates of change in light intensity.

The board’s design also allows for testing bias tuning al-
gorithms:

• Adjusting the bias diff on and bias diff off parameters
can suppress the events generated by low-frequency
LEDs, effectively isolating high-frequency activity.

• The bias fo setting provides additional filtering by attenu-
ating signals from lower frequency LEDs, enabling more
precise control over the frequency response of the camera.

The LED board is controlled by a microcontroller, al-
lowing easy adjustment of LED frequencies. While Pulse
Width Modulation (PWM) is commonly used for LED in-
tensity control, the event camera would detect the rapid on-
off transitions. To avoid this, capacitors were added in par-
allel to the sinusoidal and triangular LEDs, acting as inte-
grators to smooth the PWM signal into a continuous ana-
log waveform. This ensures gradual brightness changes and
prevents unwanted high-frequency noise.

We recorded 30, 976 sequences, covering the following
biases:
• bias diff on: -80, -60, -40, -20, 0, 20, 40, 60, 80, 100, 120
• bias diff off : -30,-10, 10, 30, 50, 70, 90, 110, 130, 150,

170
• refr time: 4, 20, 36, 52, 68, 84, 100, 116
• refr fo: -29, -18, -7, 4, 15, 26, 37, 48
• refr hpf : -15, 65, 145, 225

Figure 15 shows the average ER over the whole dataset
for each bias setting. The bias combinations with the lowest
value for one of the two thresholds contain around 50% of
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(a) off = -35 and on = -35 (b) off = 40 and on = -35 (c) off = 190 and on = -35 (d) off = -35 and on = 40 (e) off = 40 and on = 40

(f) off = 190 and on = 40 (g) off = -35 and on = 115 (h) off = 40 and on = 115 (i) off = 190 and on = 115

Figure 12. A selection of screen captures of Metavision Studio from 100 recordings of a grey dot with their bias settings, where off refers
to bias diff off and on refers to bias diff on.

(a) off = -35 and on = -35 (b) off = 40 and on = -35 (c) off = 190 and on = -35 (d) off = -35 and on = 40 (e) off = 40 and on = 40

(f) off = 190 and on = 40 (g) off = -35 and on = 115 (h) off = 40 and on = 115 (i) off = 190 and on = 115

Figure 13. A selection of screen captures of Metavision Studio from 100 recordings of a black dot with their bias settings, where off refers
to bias diff off and on refers to bias diff on.

the total event count. Additionally, a very high high-pass
filter can be used to get rid of many events. A decrease in
the refactory period also decreases the average event rate as
displayed in Figure 16.

The slow-blinking LEDs start to vanish for high bais
thresholds. Resulting in an increased RFU in these regions.
This can be seen in Fig. 17. The increase of noise in low
bias setting also hinders the frequency detection, therefore,
an optimal around bias diff off = −20, bias diff on = 20

results in the highest average RFU. A strong high-pass filter
in combination with a strong low-pass filter also decreases
the sensitivity for the detection of some LEDs, therefore,
the RFU also increases in these regions significantly.

8.3. Visual Odometry (VO)

To get a repeatable motion and an accurate ground truth tra-
jectory, we mounted an event camera to the end-effector of
a Pandas robot arm, shown in Fig. 18, to move the event
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Figure 14. A blinking LED board consisting of LEDs with differ-
ent frequencies and waveforms.

Figure 15. The average event Rate for different bais combinations.
bias diff off vs bias diff on on the left side, bias hpf vs bioas fo
on the right side. The lowest threshold bins contain roughly 50%
of all events produced.

Figure 16. The average event Rate for different refactory periods.

camera along the same trajectory with different biases. The
scene was a static environment under constant illumination.

Figure 17. The average RFU for different bias combinations
bias diff off vs bias diff on on the left side, bias hpf vs bias fo
on the right side. The most efficient frequency estimation can
be achieved with a bias diff off = −10, bias diff on = 20 and
bias hpf = 0.

Figure 18. The setup to record the VO dataset.

9. Baseline

The overall pipeline used for this learning process is illus-
trated in Fig. 19.

In order to rate the output of the event camera, the pri-
mary metric we chose was whether the dot on an accumu-
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Figure 19. An overview of the Behavioral Cloning (BC) pipeline.

lated event frame is visible to the human eye or not. This
is the first and foremost concern because if the dot is not
visible, it defeats the entire point of the recording. The sec-
ondary metric that we chose is the ER, which should be as
low as possible while keeping the signal strong. This trans-
lates to low background noise. We define an optimum bias
setting as any setting that fulfills the two conditions.

The average ER was calculated for each recording by
dividing the total amount of events by the length of the
recording. The ER is used to measure the amount of sig-
nal and noise and to try to find a bias setting with a good
ratio between the two. As can be observed in Fig. 20 and
in Fig. 21, for recordings where either of the two biases has
a small value, the ER is larger, by order of magnitude, com-
pared to the recordings where the biases had higher values.
The recordings with the bias diff on values between −85
and−60 contain errors because the readout bus of the event
camera did not have enough bandwidth to transmit all the
events. This means that the ER is bigger than the maximum
allowed one.

The most noticeable difference between the heatmap of
the ER for the grey dot in Fig. 20 and the one for the black
dot in Fig. 21 is that the average ER is higher for the black
one. This is expected, as the contrast between the black dot
and the white background is higher than for the grey dot.

To find the range of the optimal biases, we also look at
the accumulated event frames. An accumulation period of
8 ms has been chosen so that the entire body of the dot
can be seen. The first thing noticeable is that for high val-
ues of bias diff off, the dot is no longer visible, as seen in
Fig. 12. The camera has such a low sensitivity for those set-
tings that the contrast between the dot and the background
is no longer enough to produce any events. As we observed
from the ER, for too small values of both biases, especially
if they are negative, the noise severely affects the quality of
the recording, even if the dot is visible.

For the grey dot, an optimal bias, as we defined it, is
bias diff off = 40 and bias diff on = 40. For this set-
ting, the dot is visible, and the noise is greatly reduced. We
have considered that for the setting bias diff off = 40 and
bias diff on = 115, the signal was too reduced for it to be
considered an optimal bias, even though the dot is visible
to the human eye. The observations made from viewing the
recordings helped us conclude that optimal biases can be
found in the range [15, 65] for bias diff off and in the range
[40, 90] for bias diff on.

For the black dot, we can observe that the dot is visible
even for the maximum values of the thresholds, while the
grey one disappears. Because of this, the range of the opti-
mal biases is larger than for the grey dot, being [40, 165] for
bias diff off and [40, 115] for bias diff on.

Figure 20. A heatmap showing the Event Rate (ER) for different
bias choices of the spinning grey dot recording.

We have chosen to define the action in this environment
as the relative bias change, expressed with an integer to be
added to the current bias value, as this is the way we went
about tuning the biases by looking at the output and ap-
proximating how big of a change is necessary. Thus, we
have written demonstrations consisting of a tuple of actions
with the form (a, b, 0, 0, 0), where a represents the change
of bias diff off and b represents the change of bias diff on
that is needed to reach the range of optimal biases.

Different Feature Extractors As an ablation study for
the feature extraction, we have adapted two models of
ResNet: ResNet18, with 18 layers, and ResNet50, with 50
layers, a more complex network, capable of capturing more
information. The choice of the network has an influence on
the ability of the network to learn.
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Figure 21. A heatmap showing the Event Rate (ER) for different
bias choices of the spinning black dot recording.

ResNet50 is a more complex and deep network com-
pared to ResNet18, and therefore, the BC model is able to
finish the learning process in 1000 steps. Due to its more
complex structure, ResNet50 creates a more information-
dense latent space. The downside of this is a more compu-
tationally expensive training process for the model, which
was already done on ImageNet and is of no concern for this
work. The exact loss values after the training process fin-
ished are listed in Tab. 6.

As evident from the training and test loss in Tab. 6,
ResNet50 is the better option for our purposes, and there-
fore, we decided to use ResNet50 as our feature extractor.

Model Test loss
ResNet18 0.24
ResNet50 0.2

Table 6. The final loss values when the training process is finished.
The loss is displayed as the Mean Squared Error of the normalized
proposed action.

Different Accumulation Times As described in Sec. 4.1,
we are using accumulated event frames to extract features
from the event stream. In an additional ablation study, we
investigated the influence of the accumulation time. De-
pending on the application, the duration of the accumulation
time can have a significant influence on the performance.
Therefore, we investigated the influence of different accu-
mulation times (1 ms, 2 ms, 8 ms, and 16 ms).

Accumulation Time Test loss
1 ms 0.2
2 ms 0.22
8 ms 0.21

16 ms 0.27

Table 7. The final loss values with different accumulation times
after the training process finished. The loss is given in the mean
squared Error of the normalized proposed action.

(a) off = -10 and on = -35 (b) off = 40 and on = 40

Figure 22. Demonstration of the model proposing a bias change
from (a) to (b) that allows the object tracking algorithm to accu-
rately track the dot and not see any other objects caused by noise.

From the final test losses in Tab. 7, we can see that for
our data, a shorter accumulation time is favorable.
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Detection of Fast-Moving Objects with Neuromorphic Hardware

Andreas Ziegler1, Karl Vetter1, Thomas Gossard1, Jonas Tebbe1, Sebastian Otte2, and Andreas Zell1

Abstract— Neuromorphic Computing (NC) and Spiking Neu-
ral Networks (SNNs) in particular are often viewed as the
next generation of Neural Networks (NNs). NC is a novel
bio-inspired paradigm for energy efficient neural computation,
often relying on SNNs in which neurons communicate via spikes
in a sparse, event-based manner. This communication via spikes
can be exploited by neuromorphic hardware implementations
very effectively and results in a drastic reductions of power
consumption and latency in contrast to regular GPU-based NNs.
In recent years, neuromorphic hardware has become more ac-
cessible, and the support of learning frameworks has improved.
However, available hardware is partially still experimental, and
it is not transparent what these solutions are effectively capable
of, how they integrate into real-world robotics applications, and
how they realistically benefit energy efficiency and latency. In
this work, we provide the robotics research community with
an overview of what is possible with SNNs on neuromorphic
hardware focusing on real-time processing. We introduce a
benchmark of three popular neuromorphic hardware devices
for the task of event-based object detection. Moreover, we show
that an SNN on a neuromorphic hardware is able to run in a
challenging table tennis robot setup in real-time.

SUPPLEMENTARY MATERIAL

Additional resources are available at:
https://cogsys-tuebingen.github.io/
snn-edge-benchmark

I. INTRODUCTION

Spiking Neural Networks (SNNs) mimic the spiking be-
havior of biological neurons, offering a biologically inspired
approach to Neural Network (NN) computation. Unlike tra-
ditional artificial neurons that produce real-valued outputs,
spiking neurons receive input spikes and integrate them in
the state of the neuron, called membrane potential. When
the neuron’s membrane potential reaches a defined thresh-
old, the neuron emits a spike that propagates through the
network, and resets its membrane potential. More theoretical
work on SNNs has already been present in research for
decades [1][2][3][4]. With the availability of more computing
power through GPUs, it became feasible to train and simulate
SNNs for real-world tasks. However, simulating SNNs is
very inefficient on GPUs since the Neuromorphic Computing
(NC) paradigm is fundamentally different. Therefore, run-
ning SNNs on GPUs, though possible, is not a reasonable
option for real-world applications, especially not for real-
time robotics applications.

1Andreas Ziegler, Karl Vetter, Thomas Gossard, Jonas Tebbe,
and Andreas Zell are with the University of Tübingen.2Sebastian
Otte is with the University of Lübeck. Corresponding author
andreas.ziegler@uni-tuebingen.de.

This research was partially funded by Sony AI.

Fig. 1. Left: Three examples of 2D ball detections in an accumulated event
frame which serves as the input to the Spiking Neural Network (SNN) with
ground truth in green and the estimated position in red. Right: Five observed
2D trajectories in the camera frame of the event-based camera with ground
truth in green and the estimated positions in red. Background: The table
tennis robot setup with the robot hitting back a table tennis ball in a rally.

In contrast, neuromorphic hardware, specifically designed
for efficient SNN processing, can leverage the sparsity and
binary nature of SNN outputs, resulting in a drastic reduction
of power consumption and latency compared to conventional
NNs.

But the efficient processing of SNNs relies on gathering
suitable data. Conventional cameras capture frames at a fixed
frame rate, providing information about brightness and color.
Event-based cameras, on the other hand, report asynchronous
brightness changes per pixel, without measuring the absolute
brightness [5][6]. These cameras offer a high dynamic range,
a temporal resolution in the order of µs, as well as energy
and data efficiency. The binary output of event-based cameras
aligns with the spike format of SNNs, making them a good
match.

This synergy between event-based cameras and SNNs
presents an opportunity to improve real-time performance
in robotics. One such area where these advancements can be
applied is table tennis robotics, which has gained popularity
in recent years [7]. While not yet able to compete with pro-
fessional players, table tennis robots are an exciting research
environment to bring algorithms towards their limits. We thus
use a table tennis robot scenario as a benchmark suite for
event-based neuromorphic perception systems.

A primary perception task for a table tennis robot system
is fast and accurate ball detection. So far, most research uses
frame-based cameras together with a Convolutional Neural
Network (CNN) based ball detection or a classical computer
vision approach [8][9][10][11]. While ball detection solu-
tions with frame-based cameras are successfully used, the



high temporal resolution of event-based cameras promises
faster and more frequent ball detections. This can improve
the prediction of the ball’s trajectory, which allows a faster
robot control. As mentioned, SNNs align well with event
data and can handle more complex scenarios, like a cluttered
environment, compared to model-based solutions.

This work explores the combination of an event-based
camera and SNNs for object detection and their deployment
on neuromorphic edge devices. We analyze the potential
benefits of this fusion, and discuss the limitations of a
deployment on neuromorphic edge devices. We report the
error and run-time, both in simulation and on multiple
neuromorphic edge devices, namely the DynapCNN1 from
SynSense, Akida2 from BrainChip and Loihi23 from Intel.
Benchmarking these three widely used neuromorphic edge
devices on our use case of object detection gives an example
of what is possible with these edge devices in robotics
perception applications.

In summary, our contributions with this work are:

• We demonstrate the effectiveness of SNNs for event-
based object detection

• We conduct a comparative study of available neuromor-
phic edge devices

• We present a streamlined integration of event-based
sensing, neuromorphic processing, and robot arm plan-
ning and control in a table tennis robot setup

• We provide a publicly available benchmark dataset for
event-based ball detection

II. RELATED WORK

We will start with an introduction to event-based cameras
in Section II-A. SNNs will be covered in Section II-B.
Different ways to train an SNN are covered in Section II-C
and in Section II-D. We will finish the related work covering
spiking object detection in Section II-E.

A. Event-Based Cameras

Event-based cameras, also known as neuromorphic cam-
eras or dynamic vision sensors, have gained considerable
attention in computer vision and robotics due to their unique
characteristics and advantages over traditional frame-based
cameras [5][6]. Event-based cameras operate by detecting
logarithmic changes in brightness asynchronously on a per-
pixel basis, reporting events only when the brightness change
exceeds a specified threshold.

The asynchronous event-based nature of event-based cam-
eras enables high temporal resolution and low latency,
making them particularly suitable for capturing fast-moving
objects [12][13][14] and scenes with a high dynamic
range [15][16].

1https://www.synsense.ai/products/dynap-cnn/
2https://brainchip.com/akida-enablement-platforms/
3https://www.intel.com/content/www/us/en/research/neuromorphic-

computing-loihi-2-technology-brief.html

B. Spiking Neural Networks (SNN)

SNNs have garnered substantial interest in the field of NNs
due to their biological inspiration and potential for energy-
efficient computation [17]. SNNs differ from traditional
Artificial Neural Networks (ANNs) by modeling the spiking
behavior of biological neurons more closely. They rely on
sparse and binary spikes for information processing. SNNs
can represent different neuron models, such as the Integrate-
and-Fire (IF) [18] or the leaky IF [19] model.

Studies indicate that SNNs are more energy-efficient [17]
and excel in processing spatio-temporal data due to their use
of sparse, binary signals [20]. Consequently, SNNs are ideal
for energy-sensitive hardware applications [21][22].

A significant advancement in SNN research is the de-
velopment of efficient training techniques. Converting pre-
trained ANNs into SNNs will be described in Section II-C
and direct training of SNNs using spike-based learning rules,
in Section II-D.

C. Artificial Neural Network (ANN) to SNN Conversion

One approach to train SNNs involves converting pre-
trained ANNs into SNNs [23]. This can be done by ap-
proximating the output of the Rectified Linear Unit (ReLU)
non-linearity with rate-code [24]. Rate-code represents the
relative frequency of spikes, obtained by replacing the ReLU
with the Heaviside step function and setting a spiking
threshold of one. This approximation captures the essential
characteristics of the ReLU, for output activities between
zero and one. ReLU outputs larger than one can not be
represented by normal IF neurons, as they can at most
spike once per time step. However, a multi-spike neuron
model [25] allows the direct representation of the entire
ReLU output space through rate-code.

D. Direct Spiking Neural Network (SNN) Training

There are two major lines of research to directly train
SNNs. One is to train the model through biologically plau-
sible local learning rules, e.g., Spike Timing Dependent
Plasticity (STDP) [26][27], the other one to use so-called
surrogate gradients [28]. Since STDP is not available for
most of the SNN frameworks used in this work, we will
focus on surrogate gradients.

Back-propagation in SNNs is akin to a specific instance
of back-propagation through time (BPTT), typical for RNN
training. However, the Heaviside function lacks differentia-
bility at the threshold, and therefore, surrogate gradients are
necessary for approximating gradients [28].

E. Spiking Object Detection

Object detection is a fundamental task in computer vision,
and traditional approaches typically use CNNs. In recent
years, there has been growing interest in exploring SNNs
for object detection tasks due to their potential for improved
energy efficiency and event-driven processing [21][22].

The YOLO architecture [29], a popular object detection
framework, has been successfully converted into a SNN
variant called Spiking-YOLO in [30].



SNNs were also explored for specific object detection
tasks. In [31], SNNs were employed to predict ball trajecto-
ries using data from event-based cameras. Their approach
utilized spatio-temporal filters with weights incorporating
delays to capture temporal information. They also employed
leaky IF neurons and trained the network using STDP.

An SNN was utilized in [32] for detecting balls and pipes
in a simulated environment. They used simulated neuro-
morphic data and designed an SNN architecture specifically
tailored for detecting circles, ellipses, and lines using the
Hough transform. Their approach demonstrated successful
detection using the designed SNN without training, relying
on hard-coded algorithms.

Although promising, SNNs for object detection still faces
challenges, including higher error rates compared to CNN-
based detectors. Further advancements in network architec-
tures, training algorithms, spike-based encoding schemes,
and hardware are necessary to bridge this performance
gap. Moreover, optimizing the computational and memory
efficiency of SNN models is crucial for enabling real-time
object detection on resource-constrained devices.

III. METHOD

We recorded a ball detection dataset to train our SNNs,
described in Section III-A. In this work, we used three
state-of-the-art SNN frameworks and a corresponding neu-
romorphic edge device. For each of them, we designed an
SNN architecture, conforming with their specific constraints,
described in Section III-B. The training with the three SNN
frameworks is covered in Section III-C.

A. Data

We describe the recording setup in Section III-A.1, fol-
lowed by an explanation of how the training labels were
generated in Section III-A.2. The specifications of the dataset
are summarized in Table I.

1) Recording setup: We used a table tennis robot setup
as introduced in [8]. The setup was extended with two
event-based cameras as described in [7]. This camera system
consists of four FLIR Chameleon3 frame-based cameras (140
fps, 1280x1024 pixels) and two Prophesee EVK4 event-
based cameras (1280x720 pixels). Camera bias settings for
the event-based camera were configured to minimize noise,
and so that most events would be caused by the flying ball.
The whole table tennis robot system is visualized in Fig. 2.
To calibrate this camera system containing frame- and event-
based cameras, we used the wand-based calibration approach
introduced in [33]. The frame-based cameras are used to
detect and triangulate the position of the table tennis ball in

TABLE I
DATASET SPECIFICATIONS

Number of samples Training: 8630, validation: 531, test: 531
Labeled samples Automatic labeled: 7569, manually labeled: 2123
Cameras used Event-based: 2x Prophesee EVK4 (1280x720)

Frame-based: 4x FLIR Chameleon3 (1280x1024, 140fps)
Event accumulation time 1ms
Ballgun Butterfly Amicus Prime, ball speed 4m/s

3D, as described in [8]. The event stream from the event-
based cameras is used as input for our SNN approach.

A Butterfly Amicus Prime ball gun, with default speed
settings (4m/s), was used to shoot balls, as shown in the
background of Fig. 1.

2) Data generation: The input of our SNNs is a matrix
of size 64x64 pixels, where over a time range of 1ms the
pixel value is set to one if at least one event occurred at the
pixel and zero otherwise. To reduce computation and achieve
faster inference times, we favored smaller networks and thus
did not include the polarity information of the events. As
in [34], our event representation does also not differentiate
between pixels with more or less events, as long as they
have any. This reduction in information was carried out as
it led to better performance in our experiments. A dynamic
Region of Interest (ROI) was used to crop 64x64 pixels out
of the 1280x720 pixels output of the event-based camera,
similar to [8]. This was done by setting the last known ball
position as the center of the ROI. This has the benefit of
being applicable in real-time using the system’s own past ball
position estimates. Since the system starts each trajectory
without past position estimates, we fixed the start region.
This limitation could be alleviated by using the position of a
frame-based detection system or an CNN based ball detector
for the initialization.

The output of the SNNs is the 2D pixel position of the
detected ball. Therefore, the required ground truth is the 2D
ball position in the image frame of the event-based camera.
We used two ways to generate the 2D ball positions, serving
as ground truth. We projected the 3D ball positions from
the frame-based camera system into the camera frame of the
event-based cameras. This way, we generated 7569 ground
truth positions. Since we only obtain 3D positions every 7ms,
we additionally labeled the 2D ball position manually on an
additional set of 2123 event frames.

B. Network Architecture

The state-of-the-art SNN frameworks and their corre-
sponding neuromorphic edge device, we used in this work,

Fig. 2. Our camera setup consisting of four frame-based cameras (in
blue) and two event-based cameras (in red) with baselines of 3m to 5m.
Schematic is up to scale.



Fig. 3. The network has 128 output neurons, which are split into two
populations. Each neuron in the first population represents an x-position,
and each neuron in the second represents a y-position. The target is also
split into an x- and y-target, each setting one as the target activity for the
correct neuron, 0.5 for the two adjacent neurons, and zero for all others.
Values are represented using brightness, with larger values being brighter.

TABLE II
NETWORK ARCHITECTURE FOR THE THREE SNN FRAMEWORKS. THE

DETAILS ARE GIVEN IN THE FOLLOWING ORDER: SINABS / METATF /
LAVA. “NONE” INDICATES THAT NO LAYER IS USED FOR THE

CORRESPONDING SNN FRAMEWORK. WHERE STRIDE IS NOT EXPLICIT,
IT DEFAULTS TO 1.

Layer Layer Specifics

1
ConvLayer(outChannels = 4, kernelsize = 5x5, stride = 2)

Multispike IF / (BatchNorm & QuantizedReLU) / LIF
AveragePool(2x2) / MaxPool(2x2) / None

2
ConvLayer(outChannels = 4, kernelsize = 3x3)

Multispike IF / (BatchNorm & QuantizedReLU) / LIF
AveragePool(2x2) / None / None

3 LinearLayer(outChannels = 64)
Multispike IF / (BatchNorm & QuantizedReLU) / LIF

4 LinearLayer(outChannels = 128)
Multispike IF / None / LIF

each have their constraints. Some constraints are the in-
put/output resolutions per layer, the number of output
weights per neuron, and the type of supported layers. These
constraints make it difficult to run any more complex object
detection network. Therefore, the challenge was to find a
trade-off between the network’s complexity and the con-
straints and limitations of the neuromorphic edge devices.

We cast the task of detecting the table tennis ball in 2D
as a classification task. This allows fewer time steps and,
therefore, a faster inference time than a regression network
due to the rate-code approximation. We treat the x- and y-
positions as two independent classification tasks. In this case,
the ball’s x-position can be one of 64 classes, as can the y-
position. A visualization of the network’s output is shown
in Fig. 3. Although the neuromorphic edge devices support
higher input resolutions, we decided to use only 64x64 pixels
to improve the inference time, which is crucial for our
real-time use case. To receive the network’s prediction, the
neurons with the maximal output are determined in each of
the two populations.

The network consists of four layers, the first two being
convolutional layers and the last two being linear layers.
A description of the network is provided in Table II. The
activation function and the pooling are given in the following
order: sinabs / MetaTF / Lava. “None” indicates that no layer
is used for the corresponding SNN framework. Since all the

SNN frameworks we used had different limitations, we could
not use one SNN architecture for all of them. Therefore,
we modified the SNN to comply with the constraints of the
corresponding framework.

1) sinabs (DynapCNN): While the SNN trained on the
GPU processes frames and is clocked, the SNN on the
DynapCNN processes events and is asynchronous. This
difference leads to a gap between the two SNNs. We use the
multi-spike learning approach [25] supported by sinabs, since
it reduces this gap. The multispike IF neurons are followed
by average pooling to further reduce network size and remain
within the limits for the number of neurons per layer imposed
by the DynapCNN.

2) MetaTF (Akida): The network we used to train with
the MetaTF framework uses batch normalization layers in all
layers except the last one, as it led to improved performance,
and Akida supports the use of biases, which are necessary to
integrate batch normalization into an SNN without significant
effect on the inference time. Quantized ReLUs are used
because the Akida chip squashes the rate-code approximation
of the ReLU into one time step, where it is then represented
by a step-wise quantized ReLU. In the first layer, we use max
pooling instead of average pooling, since this is the pooling
type supported by the MetaTF framework. For the use on
the chip, pooling comes with additional restrictions, which
is why there is no second pooling layer and instead a stride
of two in the second convolutional layer.

3) Lava (Loihi2): For the network trained with Lava, we
use leaky IF neurons, since they are the standard neuron
type supported by the Loihi2 chip and performed better than
IF neurons. An increased number of channels (8, 16, 64,
and 128) is used, as this was necessary to reach comparable
accuracy. No pooling layers were used, as they cannot be
mapped onto the Loihi2 chip.

C. Training

As mentioned in Section II-B, there are two ways to train
SNNs. The conversion from an ANN to an SNN and direct
SNN training. The former approach has notable drawbacks,
including a typical decline in accuracy, especially when using
few time steps, and a high spike rate [35]. Therefore, we used
direct SNN training for the DynapCNN and Intel’s bootstrap
method for Loihi2. Akida uses an equivalent representation
of an SNN using a step-wise quantized ReLU, which can
be trained using quantization-aware training and allows for
processing in a single time step.

While the standard loss for a classification task would be
the cross entropy loss, the Mean Squared Error (MSE) proved
more suitable for our use case. We observed that the cross
entropy loss leads to SNNs with very large activations. Large
activations result in more spikes, causing more synaptic
operations, making the network slower when used on edge
devices. Using the MSE requires a target output of the same
shape as the network output. The target that worked best was
setting the correct neuron’s target output to one, the target
output for the two neurons directly adjacent to 0.5, and all
other neuron targets to 0, as visualized in Fig. 3.



TABLE III
COMMON HYPERPARAMETERS OF THE SNN FRAMEWORKS.

SNN framework Learning rate Batch size Optimizer
sinnabs (DynapCNN) 0.0001 200 Adam
Lava (Loihi2) 0.001 100 Adam
MetaTF (Akida) 0.0001 1000 Adam

For all SNN frameworks, we trained the networks on a
GPU and deployed them on the edge devices for inference.
We used all the 7569 automatically generated 2D ground
truth positions and additional 1061 manually labeled posi-
tions (as described in Section III-A.2) for the training set
and 531 manually labeled 2D positions for the validation
and the test set. Since the training depends on the SNN
framework, we describe the training for each one. Common
hyperparameters are listed in Table III.

1) Training with sinabs (DynapCNN): To train SNNs for
the DynapCNN, SynSense provides sinabs4 as a framework.
We use the multi-spike learning approach [25] supported
by sinabs, since it closely matches the neural behavior
on the chip. The sinabs framework additionally allows for
the tracking of the network’s synaptic operations, which
can then be used as an additional loss term to prevent
over activated neurons on the DynapCNN. With the multi-
spike approach, the number of generated spikes when the
membrane potential exceeds the threshold is proportional to
the membrane potential.

To minimize the quantization loss, the distribution of
weights needs to be such that no extreme outlier weights
exist, which would decrease the quantization accuracy for all
other weights. To normalize the weights on the DynapCNN,
we used an additional loss term using only the absolute
maximum of the weights for every layer. The SNN was
trained using the periodic exponential function as surrogate
gradient function [28] and backprop through time.

2) Training with MetaTF (Akida): To train SNNs for
the Akida, BrainChip provides MetaTF5 as a framework.
MetaTF directly trains an ANN approximating a SNN
through quantization. We followed the guidelines of the
MetaTF documentation to train the SNN with MetaTF.

3) Training with Lava (Loihi2): To train SNNs for the
Loihi2, Intel provides Lava6 as a framework. Direct training
is supported by Lava with an enhanced version of the
SLAYER framework [36]. We followed the guidelines of
the Lava documentation to train the SNN with Lava-dl. The
neuron thresholds were set to 0.25 and voltage decay to 0.05.

IV. EXPERIMENTS

In the first experiment, described in Section IV-A, we
evaluate the detection error and measure the time per forward
pass of the three different SNN frameworks in simulation
as well as on the neuromorphic edge device. Section IV-B
describes the second experiment, in which we run the SNN

4https://github.com/synsense/sinabs
5https://doc.brainchipinc.com/index.html
6https://lava-nc.org/index.html

Fig. 4. Left: Experiment setup for the offline experiment. Right:
Experiment setup for the online experiment.

TABLE IV
BALL CENTER ERROR AND TIME PER FORWARD PASS OF THE DIFFERENT

SNN FRAMEWORKS AND ON THEIR CORRESPONDING NEUROMORPHIC

EDGE DEVICE. STEPS INDICATE HOW MANY TIME STEPS WERE USED

FOR ONE INFERENCE PASS. THE RESULTS ARE REPORTED WITH MEAN

AND STD. DEV OVER MULTIPLE RUNS.

Framework Sim Hardware Steps Error [pixel] One forward pass [ms]
BrainChip ✓ 15 (1) 1.44 ± 1.41 1.75 ± 0.82
sinabs ✓ 8 (1) 1.55 ± 1.89 1.59 ± 1.61
Lava ✓ 20 1.57 ± 1.55 1764.89 ± 1374.36
BrainChip Akida 15 (1) 1.44 ± 1.41 2.20 ± 0.35
sinabs DynapCNN 8 1.59 ± 1.83 46.04 ± 21.38
Lava Loihi2 20 1.57 ± 1.55 1458.57 ± 230.500
TensorFlow RTX 2080 Ti - 3.55 ± 1.49 3.49 ± 0.62

on a neuromorphic edge device within a table tennis robot
setup in real-time.

A. Offline experiment

In this experiment, we compare the different SNN frame-
works in terms of error and time per forward pass, given
our robotic perception task. Using our recorded data, we ran
the 2D ball detection 10 times for BrainChip and sinabs and
5 times for Lava. The setup is depicted in Fig. 4 on the
left. Five recorded 2D ball trajectories and three 2D ball
detections are shown in Fig. 1.

The error, as well as the time per forward pass, was
recorded for every run, and we report the mean and standard
deviation in Table IV. Steps indicate how many time steps
were used for the rate-code for one inference pass, a trade-
off between speed and accuracy. The steps count in brackets
represents the number of time steps when using multispike
neurons. We also report the results of an existing setup [37],
based on [10], as a comparison. This setup uses a frame-
based camera and a CNN with similar image resolution and
number of convolutional layers on an RTX 2080 Ti GPU.

As can be seen in Table IV the BrainChip framework has
the lowest ball center error of 1.44 pixels. The error of sinabs
and Lava are 1.55 pixels and 1.57 pixels, respectively, quite
close together.

Important to note is that depending on the neuromorphic
edge device, the total time per forward pass is heavily
influenced by the integration into the system. The total time
for a forward pass includes the inference time and, depending
on the neuromorphic edge device data transfer, pre- and post-



TABLE V
TOTAL TIME PER FORWARD PASS AND INFERENCE TIME OF THE

DIFFERENT NEUROMORPHIC EDGE DEVICES WITH MEAN AND STD. DEV

OVER 10 RUNS AND THE POWER CONSUMPTION. †PROCESSING ONE

INPUT ON THE DYNAPCNN TAKES AN AVERAGE OF 1.765MS, BUT WITH

DELAYS FROM THE USB CONNECTION, THE TIME FOR A FORWARD PASS

IS SIGNIFICANTLY LONGER. ∗TAKEN FROM SPECS.

Device One forward pass [ms] Inference time [ms] Power consumption [mW]
Akida 2.20 ± 0.35 0.89 ± 0.28 ∼ 4.5

DynapCNN 46.04 ± 1.38† 0.82 ± 0.24 ∼ 5∗

Loihi2 1458.57 ± 230.50 0.62 ± 0.01 ∼ 100∗

RTX 2080 Ti 3.49 ± 0.62 1.77 ± 0.28 ∼ 250000∗

processing. Therefore, we list the total time per forward pass,
the inference time, and the power consumption in Table V.

For the BrainChip Akida, which is installed as a PCIe
card, the time to load data onto the device and return the
results is a relatively small overhead (0.89ms inference time
and 2.20ms for a forward pass).

The DynapCNN from SynSense is connected to the PC via
USB. We operate the DynapCNN in a streaming mode. This
allows a fast inference time of 0.82ms but does come with
a relatively high delay coming from the USB connection
and other sources, which leads to 46.04ms for a forward
pass. The streaming mode allows for a high data throughput
with an average processing time of 1.765ms on the chip but
does not remove the delay caused by the USB connection.
Using the DynapCNN with another event-based camera
might improve the setup and therefore, remove the mentioned
delays. The recent development of combining an event-based
camera with an SNN on the same chip, as the Speck7 from
SynSense, looks promising. However, the current camera
resolution of 128x128 pixels is too low for our application.

For Loihi2, we did not have direct access to an edge
device, but only through a virtual machine provided by Intel
via the Intel Neuromorphic Research Community8. With this
Loihi2 setup, the time per forward pass is with 1458.57ms
two orders of magnitude slower than the other devices.
This is mainly due to inefficient communication between the
virtual machine and the Loihi2 chip, which is a consequence
of our current implementation not being well optimized in
this regard. Note that the inference time on the GPU is longer
than on all neuromorphic edge devices, however, the good
hardware integration of the GPU shows its advantage.

Regarding the power consumption, we measured the one
for Akida, but had to rely on specs for the other devices. The
power consumption for Akida and DynapCNN is quite close
together. Loihi2, being a much more powerful and versatile
platform, consumes an order of magnitude more energy, still
several orders of magnitude lower than a GPU, showing the
benefits of Neuromorphic Computing (NC) on neuromorphic
edge devices for robotic applications.

Overall, we can see that while the errors of the different
neuromorphic frameworks are similar, the difference in infer-

7https://www.synsense.ai/products/speck-2/
8https://intel-ncl.atlassian.net/wiki/spaces/INRC/overview

ence time and the time per forward pass varies significantly.
As already mentioned, the way in which the neuromorphic
edge devices are connected to the PC plays a crucial role.

B. Online (real-time) experiment

In this experiment, we integrated the SNN based ball
detection into our table tennis robot system, described in
Section III-A. As explained in [8], to determine the 3D
position of the table tennis ball, at least two cameras need
to detect the ball in order to perform triangulation. Since we
only have one device for each of the three SNN frameworks,
covered in this work, we used one event-based camera
with the introduced SNN ball detection together with a
frame-based camera and the ball detection presented in [8].
We used the Akida PCIe card from BrainChip, since the
system integration does not introduce latencies as high as the
DynapCNN does, and we did not yet have access to a Loihi2
edge device. The experimental setup is depicted in Fig. 4 on
the right, and the physical setup is shown in the background
of Fig. 1. In this experiment, we shot 15 table tennis balls
with a Butterfly Amicus ball gun. Since the 3D triangulation
and robot arm control are not part of this work, we used the
existing ones from [8]. We report the ball return rate of the
robot, since controlling the landing point of the ball is out
of scope for this work. Given this setup, we achieved a ball
return rate of 1.0.

As previously mentioned, we used one event-based camera
with the SNN based ball detection and a frame-based camera
with an existing ball detection to triangulate the 3D ball
position. Although our online experiment does not rely solely
on our SNN based ball detection, we have shown that this
would be possible, and future work could involve evaluating
the system with an additional Akida PCIe card.

V. CONCLUSION

With neuromorphic hardware more accessible in recent
years, Neuromorphic Computing (NC) and Spiking Neural
Networks (SNNs) in particular has become more relevant
for robotics. In this work, we used an event camera in
combination with SNNs for ball detection as a real-time
perception task. Three different SNN frameworks, namely
sinabs, MetaTF, and Lava, and a corresponding neuromor-
phic edge device (DynapCNN, Akida, and Loihi2) were used,
and their errors, time per forward pass, inference time, and
power consumption were compared. Moreover, we show that
an SNN on a neuromorphic hardware is able to run in a
challenging table tennis robot setup in real-time.

Despite the promise of asynchronous processing with
SNNs, the current edge devices face limitations, primarily
attributed to hardware integration. Our results show that the
better a neuromorphic edge device is connected to the main
compute unit, e.g., as a PCIe card, the better the overall run-
time.

This work aims to provide the robotic research community
with insights into the possibilities and challenges of deploy-
ing SNNs on current neuromorphic edge devices for real-
time robotic applications.



REFERENCES

[1] E. M. Izhikevich, “Simple model of spiking neurons,”
IEEE Transactions on neural networks, vol. 14, no. 6,
pp. 1569–1572, 2003.

[2] H. Paugam-Moisy and S. M. Bohté, “Computing with
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Abstract

Spin plays a pivotal role in ball-based sports. Estimat-
ing spin becomes a key skill due to its impact on the ball’s
trajectory and bouncing behavior. Spin cannot be observed
directly, making it inherently challenging to estimate. In ta-
ble tennis, the combination of high velocity and spin renders
traditional low frame rate cameras inadequate for quickly
and accurately observing the ball’s logo to estimate the spin
due to the motion blur. Event cameras do not suffer as
much from motion blur, thanks to their high temporal res-
olution. Moreover, the sparse nature of the event stream
solves communication bandwidth limitations many frame
cameras face. To the best of our knowledge, we present
the first method for table tennis spin estimation using an
event camera. We use ordinal time surfaces to track the
ball and then isolate the events generated by the logo on
the ball. Optical flow is then estimated from the extracted
events to infer the ball’s spin. We achieved a spin magni-
tude mean error of 10.7 ± 17.3 rps and a spin axis mean
error of 32.9± 38.2◦ in real time for a flying ball.

1. Introduction
Spin is crucial in ball sports, enhancing ball control and
adding an element of unpredictability for the opponent.
Whether it is topspin in tennis, backspin in table tennis, or
spin variations in cricket, it adds complexity to the game. In
soccer and baseball, players use spin to curve shots, mak-
ing it challenging for opponents to predict the ball’s trajec-
tory. This makes spin esimation decisive for playing such
sports. Thus, it is also a key component for developing au-
tonomous agents and sports analysis systems. However, in
most cases, the spin is too fast for low frame rate cameras,
which results in severe motion blur. Event-based cameras
do not suffer as much from motion blur as standard frame-
based cameras. Indeed, event cameras capture logarithmic
changes in a scene’s brightness with high temporal resolu-
tion in the order of µs. Unlike traditional frame-based cam-

*equal contribution
This research was funded by Sony AI.

Figure 1. Comparison between the event stream of an event-based
camera and captured frames from a frame-based camera. Black
and blue dots are, respectively, ON- and OFF-events. The dotted
red box highlights the events generated by the spinning logo.

eras, events are only emitted when there is a visual change,
offering low latency and reduced bandwidth requirements.
This leads to much less information to be transmitted, given
a scene with a static background. As a consequence, we do
not need to limit the Region of Interest (ROI) of the cam-
era to avoid bandwidth issues. This was indeed a problem
in [39], where the full resolution of the camera (1920x1200
pixels) could not be used while maintaining a high enough
frame rate (380 fps). Instead, a ROI of 1920x400 pixels was
chosen. The ball is thus observed for a shorter time, which
decreases the likelihood of observing the ball’s logo for low
spin values. The event camera can use its full resolution
because it does not need to transmit redundant information.
The high temporal resolution of event cameras has an addi-
tional advantage. Estimating spin using a frame-based cam-
era is constrained by the Nyquist-Shannon sampling theo-
rem, which stipulates that the sampling rate must be at least
twice the signal’s bandwidth. In other words, we need a
camera with a certain frame rate to be able to measure high
spin: fps > |ω|/2, where ω is the ball spin in rps. In Fig. 1,
we can see that we only capture two frames where the logo
is visible. This makes it extremely difficult to estimate spin
accurately. On the other hand, the event camera could con-
tinuously capture the movement of the logo. Occasionally,
the ball rotates in a manner that causes the logo to con-
sistently appear on the opposite side when captured by a
frame-based camera. This is no issue for event-based cam-
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eras, as events are generated asynchronously. This over-
comes the previously mentioned issue as long as the logo
moves in front of the camera. For all the previously men-
tioned reasons, event cameras are better suited for table ten-
nis ball spin estimation.

Contributions of this work are as follows:
• Tracking the ball in real-time and extracting events gen-

erated by the logo.
• A real-time and accurate method for table tennis ball spin

estimation.
• An evaluation using a ball spinner to show the potential

of the approach and a deployment with a ball thrower to
show the approach in a real setup.

2. Related work
2.1. Spin estimation

There are multiple approaches for spin estimation in table
tennis. Human players mostly estimate the spin applied to
the ball from the motion of the opponent’s racket. This can
be reproduced by using human pose estimation [26, 31],
racket tracking [18], or an inertial measurement unit (IMU)
installed in the racket [5, 6]. However, the estimated spin
is only an approximation, as there is no information on
the racket’s bounce dynamics, which are greatly influenced
by its rubber type. For a more quantitative spin estimate,
there are two main approaches: observing the trajectory or
directly observing the ball. Trajectory-based spin estima-
tion [11, 34, 39, 42] makes use of the Magnus effect, which
bends the ball’s trajectory depending on the magnitude and
type of spin applied. Nevertheless, these approaches rely
heavily on precise estimations of ball positions. The Mag-
nus effect correlates directly with the level of spin imparted
on the ball, complicating the differentiation between the
spin-induced curvature of the trajectory and measurement
inaccuracies of the ball positions. While [2] showed that
the ball’s trajectory is insufficient for accurate spin estima-
tion, the estimation of the spin can be further improved by
using the bounce behavior of the ball [42].

However, for the most accurate spin estimation, ball
observation methods are preferred. Using the blur gen-
erated by the logo for spin estimation has been studied
in [7] but it does not seem to scale well to higher spin val-
ues. Within the ball observation methods, we distinguish
two sub-categories: logo-based [22, 39, 43] and pattern-
based [16, 23, 35, 37, 38, 41]. The patterns are always
visible in contrast to the logo which is barely visible or hid-
den from a single camera’s point of view, making previ-
ous logo-based approaches unreliable. For official matches,
custom balls are not allowed. This makes logo-based meth-
ods necessary for competitive games. Our proposed ap-
proach leverages event cameras for ball spin estimation.

All of the previously described methods are not exclu-

sive. They can be combined for better spin estimation.
A more recent work [36] combined a logo-based method
with a trajectory-based approach. The ambiguity about the
spin magnitude stemming from the fact that the Nyquist-
Shannon sampling theorem might not be fulfilled was re-
solved by estimating the ball trajectory for various spin
magnitudes and choosing the spin magnitude for which the
current ball trajectory fits best to the estimated one.

2.2. Event cameras

Event cameras offer many advantages, such as a high tem-
poral resolution and a high dynamic range. However, they
also change the processing paradigm. Most computer vi-
sion algorithms developed in the last decades are either ill-
adapted to process events or do not make the most out of
said advantages. Frames can be reconstructed from events
to apply state-of-the-art computer vision algorithms, but
this introduces extra latency and does not fully utilize the
event cameras’ speed.

Tracking fast-moving objects is a perfect use case for
event cameras, thanks to their high temporal resolution and
less severe motion blur. A lot of research has focused on
fusing the data from frame-based and event-based cam-
eras [8–10, 44] to compensate for each other’s weaknesses:
frames for static or slow moving objects and events for fast-
moving objects.

Because an event camera generates only ON/OFF events,
new algorithms were developed to distinguish different
moving objects in a scene. [14, 15] tackle this issue by
segmenting events generated by the background and events
generated by independently moving objects with a motion-
compensated mean time stamp image. Events are then clus-
tered using DBSCAN. Such methods were used for either
obstacle avoidance for drones [14] or for capturing a ball
with a quadruped robot [15]. Next to the rather specific
motion-compensated mean time stamp image, other com-
mon event representations are accumulated event frames
and time-surfaces [17]. However, the same object will not
be viewed the same way depending on its velocity. This was
solved with an ordinal time surface such as TOS [21] and
EROS [19]. These ordinal time surfaces capture the edge of
objects without any trail of events, independent of the ob-
ject’s velocity. A similar representation could be achieved
with accumulated event frames, but only if the accumula-
tion time was tuned to fit the object’s velocity.

Feature tracking can also benefit from using event cam-
eras, as shown in [3, 12]. However, because of the logo’s
small size and rapidly changing shape due to the curve of
the spinning ball, such methods are difficult to apply.

Optical flow is an alternative for estimating the logo’s
speed. There are multiple ways to infer the optical flow.
There are Lucas-Kanade [27], plane-fitting [4], and time
surface matching [28], just to name a few. However, the
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current state-of-the-art is learning-based [20]. The most
common architectures are U-Net [30], FireNet [32] and
RAFT [40]. The optical flow can be learned in either a su-
pervised [20], semi-supervised [24], or unsupervised [25]
fashion. Although more accurate, learning-based optical
flow methods require more computational power, which
makes achieving real-time performance difficult. For this
reason, we favor a model-based approach.

3. Method

Our table tennis ball spin estimation pipeline is divided into
three phases. Initially, a ball tracker, outlined in Sec. 3.1,
estimates the ball’s position, velocity, and radius. Next, this
information is used to extract events generated by the logo,
as described in Sec. 3.2. Finally, the ball’s spin is estimated
from the extracted events, detailed in Sec. 3.3.

3.1. Ball tracker

We set up a static event camera, observing a primarily static
background (a table tennis table). This configuration is ben-
eficial since the flying ball triggers most of the events.

We use the Exponential Reduced Ordinal Surface
(EROS) [19] event representation for processing the events.
EROS works by having new events decay the values of
surrounding pixels by a factor, thus enabling objects to
have sharp edges, whatever their velocity. This representa-
tion enables continuous and asynchronous updates from the
event stream, maximizing the potential of the event camera.
The update of EROS depends on a parameter named keros,
which represents the update zone around the event. keros
was hand-tuned for the best circle detection and set to 10.
A comparison between the accumulated event frames and
EROS can be seen in Fig. 2. One issue with the EROS time

Figure 2. Pairs of representations for the same events. (left)
EROS [19] event representations with keros = 10. (right) Accu-
mulated event frames with an accumulation time of tacc = 2ms.

surface is the accumulation of noise. Because the noise is
spatially and temporally sparse, it stays in the representa-
tion. We thus “clean” the EROS time surface by removing
isolated pixels. We do so with a hit-or-miss transform to
detect isolated non-zero pixels. Detected isolated pixels are
then set to zero. This hit-or-miss transform is performed on

every update of the EROS time surface. For more details,
we refer to Sec. 9 in the supplementary material.

We do not use convolutions like in [19] because we also
need the radius of the ball for extracting the events gener-
ated by the logo as explained in Sec. 3.3. Instead, we apply
a Hough circle transform to detect the ball and extract the
peak value when the accumulation exceeds a certain thresh-
old.

We added a Kalman filter to improve the ball tracker’s
performance. This allows for smoother tracking as well as
ball velocity estimation. We also estimate the ball’s radius
to reduce the search space of the Hough circle transform for
faster processing and for converting distances in pixels to
meters. The state of the Kalman filter is defined with the
state x = [xb, yb, ẋb, ẏb, r] where xb and yb are the coor-
dinates of the center of the ball, ẋb and ẏb are the ball’s
velocity in pixels/s and r is the ball’s radius in pixels. Esti-
mating the ball velocity and radius is relevant for extracting
the events generated by the logo as explained in Sec. 3.2.
The state transition of the Kalman filter is defined as

F =




1 0 dt 0 0
0 1 0 dt 0
0 0 1 0 0
0 0 0 1 0
0 0 0 0 1



, (1)

where dt is the time difference between two Kalman fil-
ter updates. The observation vector of the Kalman filter is
z = [xb,hough, yb,hough, rhough] where xb,hough and yb,hough are
the coordinates of the ball center returned by the Hough cir-
cle transform and rhough is the corresponding radius. The
observation model of the Kalman filter is defined as

H =



1 0 0 0 0
0 1 0 0 0
0 0 0 0 1


 . (2)

Though the ball’s velocity is not directly observed, it can
implicitly be estimated from the sequential measurements
of ball positions. The initial variance of the velocities must
be set high enough to converge fast enough to the correct
velocity. In Fig. 3, we show an example of the Kalman filter
tracking the ball. We can observe that the radius of the ball
is not constant. This is because the ball can get closer to the
camera after being shot.

3.2. Extracting logo events

The ball is tracked accurately using the previously described
method. With the Kalman filter, we have an estimate of the
ball’s velocity and radius. The ball’s velocity and radius can
be used to extract the events generated “inside” the ball, i.e.,
events generated by the logo. Events that we assume are
generated by the logo have to satisfy

(yb(te)− ye)
2 + (xb(te)− xe)

2 < (r − pad)2, (3)
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Figure 3. Tracked states of the Kalman filter: Positon, pb =
[xb, yb], velocity, vb = [ẋb, ẏb] and ball radius r. The Kalman
filter runs with 200 Hz. The dots indicate measurements from the
hough circle transform. The colored band around the estimated
values represents the standard deviation.

where te is the event’s time stamp, xe the x-positon of the
event, ye the y-position of the event, r the radius of the ball
and pad is a tolerance to avoid extracting events from the
edge of the ball.

For maximal accuracy, the ball’s position is continuously
updated to the time stamp of the selected event, according
to

pb(te) = (xb(te), yb(te))

= vb(ti) · (te − ti) + pb(ti),
(4)

where ti is the previous time the Kalman filter’s state was
updated. With this, we can get the events generated by the
logo of a flying ball.

3.3. Spin Estimation

Frame-based table tennis spin estimation methods cap-
ture successive logo orientations and then regress the spin.
Though this method could be translated to event-based cam-
eras, it would not fully exploit their advantages.

Generally, optical flow is a good tool for estimating ve-
locities or, in this case, spin. As mentioned in Sec. 2, there
are numerous optical flow methods for event cameras.

We first explain how we obtain the ball’s spin ω from
the optical flow vf generated by the logo. From the flow,
we can calculate the velocity v of the point on the ball’s
surface where the flow is generated

v =




vf,x
vf,y

−vf,xer,x−vf,yer,y
er,z


 . (5)

We can calculate the z component of v by knowing that the
velocity is tangent to the ball’s surface, er · v = 0. This is
sketched in Fig. 4. We can then calculate the rotation vector

Figure 4. Sketch showing how the spin is calculated from the op-
tical flow.

from the cross-product of the radius and the velocity.

ω =
er × v

||r|| . (6)

When working with different optical flow methods, we
noticed that they are able to infer flow correctly when the
logo is in the center of the ball. But they fail as soon as
the logo is on the edge of the ball. This is due to multiple
factors. First, table tennis ball logos have multiple edges.
As such, events are simultaneously generated at different
places of the logo and not in a straight line. This makes
identifying successive events generated by the same edge
difficult. Secondly, because of the geometry of the ball, the
logo’s velocity is not constant. There are several parame-
ters to tune the different optical flow algorithms. The main
one is the accumulation time, tacc, which aggregates events
into an event frame used for optical flow. To obtain the best
optical flow results, the tacc should be chosen based on the
logo’s speed to ensure enough change to observe flow but
not so much as to cause motion blur. For a fast, first es-
timate, we choose tacc as a constant value, based on the
median of the expected spin speeds as tacc = ⌈(ω/10)⌉.
From testing, we divided each rotation into 10 time slices
because it ensures that even if the true spin speed is higher
than we estimated, we still observe the flow multiple times
per rotation.

For a better estimate of the spin magnitude and there-
fore tacc, we also consider a second approach based on the
variation of the event rate from the extracted logo events.
Indeed, peaks in the event rate indicates when the logo is
periodically the most visible. This approach is inspired
by [29] and it returns results after a longer observation time
but with a higher accuracy. We first apply an exponential
moving average (EMA) and subtract the mean event rate.
Then, we apply a low pass filter to smooth the curve. Af-
ter that, we locate all the time stamps at which the sign of
this curve transitions from positive to negative values. Since
the change in the event rate is periodic and depends on the
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ball’s spin, as the logo appears and disappears, it can be
used to estimate the magnitude of the ball’s spin. Figure 5
shows how the sign transitions of the event rates EMA can
be used to calculate the magnitude of the spin, by taking
the time difference between adjacent time stamps, calculat-
ing the mean, and converting this time per rotation into the
number of rotations per second.

Figure 5. Prediction of the spin magnitude from the event rate.
The histograms of the event rate are displayed. We first apply an
exponential moving average (EMA) and subtract the mean event
rate. Then, we apply a low pass filter to smooth the curve. After
that, we locate all the time stamps at which the sign of this curve
transitions from positive to negative values.

We can then apply the various optical flow methods for
both methods of choosing tacc. The parameters are chosen
for each one depending on tacc to return the best results.

For each tacc, several flows and consequently spins are
estimated, with the resulting value being the mean of all
computed ω. This process can be repeated for each tacc to
generate additional spin estimations, which are then aver-
aged collectively.

4. Experiments
We start this section by describing our experimental setup
in Sec. 4.1. In Sec. 4.2 we evaluate the ball detector and
in Sec. 4.3 we describe our experiment to evaluate the spin
estimation of our proposed approach.

4.1. Setup

We use a Prophesee EVK4 event camera with a resolution
of 1280x720 pixels for capturing events. The camera is
mounted ∼ 2m above the table tennis table, equipped with
a 8mm lens. This allows us to cover the whole width of
the table, as shown in Fig. 6. The camera’s focus was ad-
justed using the protocol provided by Prophesee [1]. Event-

Figure 6. Event camera recording setup

based cameras possess particular settings that differ from
standard, frame-based cameras. These were investigated
and tuned to generate the most events related to the ball
and logo observation while minimizing noise. For more in-
formation about the bias settings used with quantitative and
qualitative results, please refer to Sec. 6 in the supplemen-
tary material. We use LED panels to light the scene uni-
formly from the ceiling, leading to a luminosity of around
1930 Lux measured on the table. This is to avoid the flick-
ering light from standard lighting powered with 50Hz AC,
which triggers events over the entire scene in the event cam-
era, though events generated by the flickering light can also
be filtered out with a band-cut filter.

We rely on a custom-made static ball spinner and a ball
thrower (Amicus Prime from Butterfly) to generate record-
ings with known ground truth. The ground truth spin can
be calculated from the ball spinner by knowing its relative
position to the event camera. We mounted the balls with
different logo orientations on the ball spinner to study its
impact on the spin estimation, as shown in Fig. 7.

Figure 7. Balls with different logo orientations

For the ball thrower, we rely on SpinDOE [23] to gen-
erate ground truth spin, using balls with a custom pattern
drawn on them. A frame camera, the Grasshopper3 GS3-
U3-23S6C (1900x400), was installed next to the event cam-
era for capturing frames of the balls.

4.2. Ball detection

To evaluate the ball tracker, we recorded multiple balls fly-
ing in front of the event camera with speeds ranging from
4 m/s to 12 m/s. The ground truth was generated auto-
matically with blob detection applied on accumulated event
frames with a large accumulation time. In Fig. 8, we show
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our ball detector’s Mean Absolute Error (MAE) for differ-
ent ball thrower settings (arbitrary unit). We can see that we
have sub-pixel accuracy, which is necessary for extracting
the events generated by the ball’s logo.

Figure 8. Evaluation of our ball detector for different ball thrower
settings (integer values), reporting the MAE in pixels. The colored
band around the error represents the standard deviation.

4.3. Spin estimation

We tested our spin estimation method by two different
means: with a ball spinner and with a ball thrower. The
former has the advantage to give us an extremely accurate
and reliable ground truth while the later is closer to real use
case. Both benchmarks are still quite similar from the way
events generated by the logo are extracted from the flying
ball as explained in Sec. 3.2. Indeed, the extracted events’
position is recalculated using the ball position as a refer-
ence.

We selected Triplet Matching [33] as the optical flow al-
gorithm. Triplet Matching is the fastest optical flow method
we found. It has a sub-millisecond run-time while main-
taining competitive accuracy. Moreover, it runs on a CPU,
which limits hardware requirements.

We distinguish two types of spin: backspin/topspin and
sidespin. Because the ball is observed from the top, back-
spin, and topspin are almost the same, if only mirrored.
With top and backspin, the logo will come into view of
the camera and then disappear again. Sidespin balls, on the
other hand, will either always have their logo hidden or al-
ways visible.

4.3.1 Ball spinner benchmark

We used table tennis balls with different logo orientations to
evaluate our proposed spin estimation approach, as shown
in Fig. 7. Next to the spin magnitude, our method also es-
timates the spin axis. The spin magnitude estimation error
and the spin axis estimation error with the ball spinner for
different ball types are shown in Tab. 1.

Entries with ”-” indicate that we did not get any results.
For ball 1, the sidespin could not be estimated since the logo
and spin axis coincide. The logo of balls 6 and 7 is a rotated
version of ball 1; therefore, the same restriction applies.

The errors with the ball spinner for different ball spins
are reported in the top part of Fig. 9. As can be seen in
the plot, the MAE for the lowest spin magnitude of 10rps is
very high. The reason is twofold. First, due to the relatively
slow rotation speed, the logo triggers fewer events, which
makes it difficult for the optical flow to get accurate flow es-
timations. Second, with the relatively slow rotation speed,
the likelihood of observing the logo over 10ms is relatively
low. With 20rps, the MAE is already lower and relatively
stable up to 100rps for all four cases except for the sidespin
with 10ms observation time. For sidespin with 10ms obser-
vation time, the MAE increases linearly with the spin speed.
This underlines the difficulty of estimating sidespin.

The MAE of the spin axis estimation errors with the ball
spinner for different ball spins are plotted in the bottom
graph of Fig. 9. As can be seen in the plot, the spin axis
estimation error decreases with higher spin values. This is
because higher spin values lead to more events, allowing the
optical flow algorithm to achieve higher accuracy.

4.3.2 Ball thrower benchmark

Next to the evaluation with a ball spinner, we also deployed
our method in a setup to estimate the spin of flying balls.
A ball thrower shot 20 balls. We used velocity settings of
10, 15, 20, and 25 for the ball thrower (respectively ap-
proximately 4, 5.5, 7.5 and 9 m/s ) and top- and side-spin,
with spin strength settings ranging from −5 to 7. Both our
event-based approach and a state-of-the-art frame-based ap-
proach [39] were tested on the same observations. The re-
sults are listed in Tab. 2. The success rate in the first row is
the ratio between the number of successful spin estimations
and the total number of ball trajectories. As can be seen,
our approach has a success rate slightly above the frame-
based approach. Our approach is a bit behind in terms of
spin axis and spin magnitude MAE, however, with overlap-
ping error ranges. Given that there is already a consider-
able body of literature covering frame-based spin estima-
tion methods and our method is the first event-based one,
this should show the potential of our approach.

In Fig. 10, we show the spin magnitude MAE on the top
and the spin axis MAE on the bottom for a state-of-the-art
frame-based approach [39] and our event-based approach.
As expected, we see that the frame-based approach has
more problems with higher spin settings, while the event-
based approach struggles with low spin settings. It is worth
noting that though both frame and event cameras have the
same FOV, the frame camera boasts a higher resolution
(∼ ×1.5). With a resolution similar to the frame camera,
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Ball 1 2 3 4 6 7
30.0 ± 28.7 27.0 ± 27.5 23.36 ± 26.4 22.4 ± 21.9 32.0 ± 27.3 32.5 ± 28.2

18.1 ± 10.4 ◦ 25.3 ± 2.0 ◦ 27.6 ± 12.7 ◦ 25.6 ± 3.9 ◦ 15.4 ± 19.6 ◦ 9.5 ± 7.2 ◦

- 31.0 ± 20.6 30.5 ± 18.8 32.0 ± 23.4 - -
- 38.17 ± 14.6 ◦ 40.3 ± 14.3 ◦ 42.8 ± 7.9 ◦ - -

0.8 ± 0.1 0.5 ± 0.1 2.8 ± 2.7 3.7 ± 3.9 0.6 ± 0.1 0.5 ± 0.1
12.5 ± 4.0 ◦ 25.1 ± 1.8 ◦ 25.7 ± 1.4 ◦ 25.5 ± 1.9 ◦ 10.7 ± 5.5 ◦ 6.2 ± 3.2 ◦

4.8 ± 1.8 8.4 ± 1.5 8.0 ± 3.5 6.5 ± 3.2 - -
- 16.7 ± 9.4 ◦ 11.6 ± 13.5 ◦ 24.0 ± 10.5 ◦ - -

10ms
Back/Top-spin

Sidespin

100ms
Back/Top-spin

Sidespin

Table 1. Evaluation of our spin estimation with the ball spinner. Our test was performed with balls with different logo positions relative to
the spin axis, as shown in Fig. 7 (white rows: MAE for the spin magnitude in rps, green rows: MAE for the spin axis in degrees). 10ms and
100ms indicate the amount of observation time allowed. Entries with ”-” indicate that we did not get any results. For ball 1, the sidespin
could not be estimated since the logo only rotates around the spin axis of the ball spinner, and there is no sidespin. The logo of balls 6 and
7 is a rotated version of ball 1; therefore, the same restriction applies.

Figure 9. (top) Spin magnitude (speed) error with the ball spinner for different ball spins. (bottom) Spin axis estimation error with the ball
spinner for different ball spins. 10ms and 100ms indicate the amount of observation time allowed. Only the events recorded during that
time window can be used for the estimation. Backspin/Topspin was evaluated with balls 1, 6, and 7, and sidespin was evaluated with 2, 3,
and 4, with an equal number of samples.

Frame Event
Success rate 0.79 0.81
Spin axis MAE 26.6± 33.4◦ 32.9± 38.2◦

Spin magnitude MAE 8.8± 15.6 rps 10.7± 17.3 rps

Table 2. Benchmark with the flying balls from a ball thrower

the event-based spin estimation would work better. With
these complementarity properties, an approach combining
an event-based camera and a frame-based camera could be
an option.

4.4. Run times

Since our goal is a real time capable spin estimation
pipeline, the run-time is another important metric. We used
an Intel Core i7-9700 CPU @ 3.00GHz for our experiments,

with all the components written in Python.
From the moment the events are received from the cam-

era, generating the EROS time surface, detecting and track-
ing the ball, and extracting the logo events takes 12.8 ±
1.2ms. We run the spin estimation in post-processing and
report the ratio between the time it took to process all the
events and the duration of the recording. With a ratio of
0.84 ± 0.8, the spin estimation can process more data than
it receives and, therefore, runs in real time.

While it can already be considered capable of being in
real time, the setup could be improved. Improving the soft-
ware design and implementing the software pipeline in C++
instead of Python is expected to boost performance.

4.5. Limitations

While working on the spin estimation for the flying balls
from a ball thrower, we noticed fewer events being gen-
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Figure 10. (top) Spin magnitude error with the ball thrower for different ball spins. (bottom) Spin axis estimation error with the ball
thrower.

erated compared to the ball spinner setup. This led to an
increase in spin estimation failures because there were too
few events generated by the logo for the optical flow esti-
mation. Our interpretation of this phenomenon is that pix-
els respond slower to negative luminosity changes, such as
the movement of a logo, after being triggered by a posi-
tive change, such as the appearance of the leading edge of a
flying ball. This is sometimes referred to as the event cam-
era equivalent of motion blur. Though our method works
with the Andro logo displayed in Fig. 11a, it does not gen-
eralize to all logos. For example, our spin estimation al-
gorithm does not work with the ball in Fig. 11b since the
logo does not generate enough events. This is despite the
fact that it works with the ball spinner. We tested differ-
ent custom logos to determine the causing factor. The logo
lines must be thicker than a certain threshold to be detected.
We drew lines of different line widths on logoless balls to
show this. The ball with the 0.8mm line shown in Fig. 11c
did not generate enough events, but the ball with 1.4mm
line shown in Fig. 11d worked well with our spin estimation
method. As such, only logos with lines of a certain width

(a) Logo 1 (b) Logo 2 (c) 0.8mm line (d) 1.4mm line

Figure 11. Different ball logos used to estimate the spin of the ball

can be used for our spin estimation with an event camera.
Of course, there are different solutions to circumvent this.
We could use an event camera with a higher resolution or

a lens with a longer focal length. However, with the latter
solution, the camera’s field of view would no longer cover
the whole width of table.

We also noticed that the spin estimation has a singularity.
Indeed, out of all the balls shown in Fig. 7, there is one logo
position, ball 5, for which the spin estimation failed com-
pletely, whatever the spin type. Ball 5 does not work for
backspin/topspin because the logo is barely visible on the
side of the ball. For sidespin, the estimation failed because
the rotation axis and the logo coincided. This could poten-
tially be circumvented by using an optical flow algorithm
better suited to our specific application.

5. Conclusion
In this work, we presented a spin estimation method for ta-
ble tennis using optical flow based on the event stream of
an event camera. Though this method was implemented
and tested for table tennis, it could be generalized to other
sports. We were able to compensate for the drawbacks of
frame-based cameras with an event-based camera, which al-
lows for more reliable spin estimation.

Although we have shown that our presented approach
works for balls on a ball spinner and also for flying balls,
depending on the setup, there are still some limitations, no-
tably the slower reponse of OFF events of pixels after being
triggered ON.

For future work, we plan to improve our setup and gener-
ate a dataset of event recordings of spinning balls to train a
neural network specifically for event-based spin estimation.
This would allow us to bypass the optical flow estimation.
With such a method, we hope to achieve faster and more
accurate spin estimation.
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An Event-Based Perception Pipeline for a Table
Tennis Robot

Andreas Ziegler1, Thomas Gossard1, Arren Glover2, and Andreas Zell1

Abstract—Table tennis robots gained traction over the last
years and have become a popular research challenge for control
and perception algorithms. Fast and accurate ball detection is
crucial for enabling a robotic arm to rally the ball back success-
fully. So far, most table tennis robots use conventional, frame-
based cameras for the perception pipeline. However, frame-
based cameras suffer from motion blur if the frame rate is not
high enough for fast-moving objects. Event-based cameras, on
the other hand, do not have this drawback since pixels report
changes in intensity asynchronously and independently, leading
to an event stream with a temporal resolution on the order of
µs. To the best of our knowledge, we present the first real-
time perception pipeline for a table tennis robot that uses only
event-based cameras. We show that compared to a frame-based
pipeline, event-based perception pipelines have an update rate
which is an order of magnitude higher. This is beneficial for
the estimation and prediction of the ball’s position, velocity, and
spin, resulting in lower mean errors and uncertainties. These
improvements are an advantage for the robot control, which has
to be fast, given the short time a table tennis ball is flying until
the robot has to hit back.

Index Terms—Table Tennis Robot, Event Camera, Event-Based
Computer Vision, Object Detection

SUPPLEMENTARY MATERIAL

Additional resources are available at: https:
//cogsys-tuebingen.github.io/event-based-table-tennis

I. INTRODUCTION

IN recent years, robotic table tennis has become a popular
research challenge for control and perception algorithms.

While not yet able to compete with professional players, table
tennis robots are an exciting research environment to bring
perception and control algorithms towards their limits [1] [2].
Fast and accurate ball detection is a crucial perception task
for a table tennis robot system. So far, most research uses
frame-based cameras together with a Convolutional Neural
Network (CNN) based ball detection or a classical computer
vision approach [3] [4] [5] [6].

While frame-based cameras are the de-facto standard visual
perception sensor, they do suffer from motion blur if the
camera’s frame rate is not high enough for fast-moving objects.
One way to counteract this limitation is by using cameras with
a higher frame rate. However, a higher frame rate leads to more
overall data that needs to be processed, increasing the com-
putational resources required. Therefore, the bottleneck shifts

1Andreas Ziegler, Thomas Gossard, and Andreas Zell are with the
University of Tübingen {andreas.ziegler, thomas.gossard, andreas.zell}@uni-
tuebingen.de 2Arren Glover is with the Istituto Italiano di Tecnologia, Italy

This research was partially funded by Sony AI.

Fig. 1. Background: The industrial robot arm of our table tennis robot
setup for which the proposed perception pipeline is designed. The two event-
based cameras, indicated with orange circles, are mounted on the ceiling.
Foreground: The event streams of the two event-based cameras with detected
balls on the EROS event surface, visualized in green, the triangulation process
(using the ball detections from both cameras and calculating the 3D position
given the camera calibration), indicated in violet, and the resulting triangulated
3D trajectory, shown in blue.

from the sensor to the algorithm. Another way to approach this
challenge is to make use of event-based cameras, also known
as dynamic vision sensors (DVS) [7]. Event-based cameras
report logarithmic changes in intensity if the brightness change
exceeds a specified threshold, asynchronously and for every
pixel independently, with so-called events. The asynchronous
event-based nature of event-based cameras enables a high
temporal resolution, in the order of µs, a low latency, and
a high dynamic range, making them particularly suitable for
capturing fast-moving objects [8] [9] [10] and scenes with
a high dynamic range [11] [12]. Events are tuples of the
form <x, y, t, p> with the location of the event (x, y), the
time stamp t and the polarity of the event p ∈ {−1, 1},
indicating if the pixel got darker or brighter. Since this data
format is fundamentally different from the frames of frame-
based cameras, new algorithms are required to make use of
the event-based camera’s advantages.

To the best of our knowledge, we present the first real-time
perception pipeline for a table tennis robot running entirely
with event-based cameras and using their event stream as
input. Thus, we address the fundamental task of ball detection
in the perception pipeline of a table tennis robot but leave out
the robot control part since it is out of scope for this work.
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In event-based computer vision, there is a trade-off between
processing single events and batches of events. While a single
event does not contain enough information to be useful,
processing it is usually fast. On the other hand, event batches
contain enough information, but batching introduces a latency,
and processing batches tends to be more time-consuming
compared to single events. Additionally, using event batches
introduces the need to adjust the size of the batch based on
the velocity of the perceived objects. Fast moving objects will
generate more events than slow moving objects in the same
amount of time. If the velocity of objects varies, batching does
not create consistent representations.

We maintain a low latency while increasing observed in-
formation by processing the incoming events in one thread
on an event-by-event basis and perform the more compute in-
tensive perception task in a second thread as-fast-as-possible,
following previous work [13] [14]. This allows the algorithm
to make use of event history and, therefore, preserve all the
information contained in the event stream.

An event representation that supports such an event-by-event
update, without the need to recompute the whole representa-
tion, is the EROS event representation, used in [14]. We use
EROS in combination with a fast circle detector for the ball
detection in our perception pipeline.

Contributions of this work are as follows:
• We present the first real-time event-based perception

pipeline for a table tennis robot
• With our fast ball detector, our event-based perception

pipeline achieves an order of magnitude more position
estimates of the ball compared to frame-based pipelines

• We show that this increased position update rate leads to
lower uncertainties of the estimated positions, velocities,
and spin of the ball’s trajectory, which is beneficial for
the robot control

• We make the developed perception pipeline publicly
accessible on our project page

II. RELATED WORK

In this related work, we will first give an overview of the
latest research around table tennis robots in Section II-A. Next,
we cover event-based object detection in Section II-B and
event representations in Section II-C.

A. Table Tennis Robots

Ever since Billingsley initiated a robot table tennis competi-
tion in 1983 [15], robotic table tennis has been a popular tool
for research in computer vision and robot control. A table
tennis robot using frame-based cameras with a CNN-based
ball detection was presented in [5]. In [16], the authors have
designed a completely new pneumatic robot arm able to attain
very high-end-effector speeds. The authors in [17] introduced
a table tennis robot system but focused on trajectory prediction
and hitting velocity control. Unfortunately, they do not explain
their vision system in detail.

In [4], Google DeepMind presented their table tennis robot
system, including perception, planning, and robot control.
In a recent update [2], the same authors have shown that

while not yet able to compete with professional players, table
tennis robots can compete with amateurs and intermediate-
level players. Table tennis robots are also widely used as a
use case for reinforcement learning, e.g., in [4] [6] [18] [19].

All of the above table tennis robot systems use frame-
based cameras for their perception system and do not make
use of event-based cameras. In this work, we developed a
perception pipeline for a system similar to [3], using only
event-based cameras. We show the advantages of event-based
perception pipelines compared to a perception pipeline using
conventional, frame-based cameras.

After the ball detection, the next step in a table tennis robot
system is the prediction of the ball’s trajectory. Given the
observation of the positions of the ball until the current time,
the robot system needs to predict the ball’s future trajectory
to plan the hitting stroke of the robot. Even for humans,
this prediction is difficult and requires years to get a good
estimation of balls with heavy spin. This is in particular due
to the difficulty of measuring spin [3].

Next to the more traditional approaches of curve fitting
and an Extended Kalman Filter (EKF) in [3], a GRU-based
learning approach was used in [20]. In [21], the authors use
an EKF and learn the parameters of the dynamics model out-
performing two black-box approaches. All these works state
the importance of accurate spin and a low spin uncertainty.

B. Event-Based Object Detection
Event-based object detection can be subdivided into model-

based and learning-based methods. Most learning-based meth-
ods make use of deep learning architectures to learn object
detection tasks given a training dataset. In [11], Prophesee
presented the first event-based object detector that does not use
an intermediate gray scale representation. Recurrent layers are
used to take the temporal information of the event data into
account. An event-based convolutional layer (e-conv) and an
event-based max pooling layer (e-max-pool) were introduced
in [22]. Inference time was accelerated using a sparse update
method in which only hidden and output neurons changed by
incoming events were processed. To make better use of the
data structure of the events stream, Graph Neural Networks
(GNNs) were used in [23]. The incoming events iteratively
update the graph rather than fully reconstructing it at each
time-step, preserving the asynchronous nature of event-based
cameras. Also, more recent network architectures such as Vi-
sion Transformers (ViTs) were introduced for event data [24].
While learning-based methods tend to achieve higher accuracy,
their inference time is often longer than the runtime of model-
based methods.

An early model-based approach for object detection made
use of the Hough transform to track objects with circular
structure [25]. In later work, the same authors implemented a
particle filter with an observation heuristic, which can be ad-
justed depending on the object to track [26]. In [10] and [27],
events are clustered using DBSCAN to differentiate between
the background and independently moving objects with a
motion-compensated mean time stamp image. In our setup,
the cameras are static, and therefore, motion compensation,
which tends to be computationally heavy, is not needed.
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Since a fast runtime is essential in our table tennis robot
setup, we use a model-based approach with an event rep-
resentation that allows event-by-event updates. Event-based
cameras produce a lower-latency ball trajectory prediction as
information is available in the system earlier than traditional
cameras [8].

C. Event Representation

Depending on the algorithm, events are either consumed
event-by-event or in a batch-of-events. The minority of
work does event-by-event processing, mostly filter-based ap-
proaches, like [28], and Spiking Neural Networks (SNNs),
like [29]. If events are processed in batches, there is a variety
of choices on how to represent the information present in the
event data. For the sake of completeness, we cover the relevant
ones here, where we take the definition from [7].

The simplest form is event packets, where events in a
spatio-temporal neighborhood are processed together. In event
packets, the precise time stamp and polarity information is
retained. The next, almost obvious choice is the 2D histogram
or event frame. The events in a time window are converted in
a simple way into an image/frame that can be fed to image-
based computer vision algorithms. The temporal information
present in event data is used in the so-called time surface (TS).
In a time surface, a 2D map, each pixel stores a single time
value. Therefore, the “intensity” of the converted image is a
function of the motion history at that location, with larger
values corresponding to a more recent motion. The concept of
TS was further improved in [30] by introducing a hierarchical
representation. In [31], the authors present Histograms of
Averaged Time Surfaces (HATS), which is less sensitive to
noise and non-idealities of event-based cameras.

Instead of using hand-crafted event representations, the
authors in [32] introduced a combination of filters and convo-
lutions, which can be learned in an end-to-end fashion when
used in Neural Networks (NNs).

In [?], the authors use a speed invariant time surface for
learning to detect corner points with a simple random forest,
showing the benefits of a speed invariant representation. A
more recent event representation is the threshold-ordinal sur-
face (TOS), introduced in [13]. TOS is designed to accumulate
visual data, so it is compatible with conventional image
processing algorithms like, e.g., circle or corner detection.
The representation provides a coherent and bound spatial rep-
resentation of the asynchronous events, partially maintaining
the information about their temporal order and attempting to
capture the most up-to-date position of edges in the scene. In
this work, we make use of an improved version of TOS, the
Exponential Reduced Ordinal Surface (EROS), used in [14].
EROS can be used at any given point in time by downstream
processing, with values between 0 and 255.

III. METHODOLOGY

In this part, we introduce our event-based perception
pipeline. We start with a description of the setup in Sec-
tion III-A. Then, we give an overview of the perception
pipeline in Section III-B. In Section III-C, we explain the

Fig. 2. Our camera setup consists of four frame-based cameras (in blue)
and two event-based cameras (in red) with baselines of 3m to 5m. Only the
event-based cameras are used in this work. Schematic is up to scale.

event-by-event update of our approach. In the last part, the as-
fast-as-as-possible ball detection is covered in Section III-D.

A. Setup

We used a table tennis robot setup similar to [3], but
extended it with two event-based cameras. This camera sys-
tem consists of two hardware-synchronized Prophesee EVK4
event-based cameras (1280x720 pixels). Camera bias settings
for the event-based cameras were configured to minimize
noise and so that the flying ball would cause most events.
Additionally, the Event Trail Filter (STC and Trail)1 were
used to cancel redundant information. The filter considers
successive events of the same polarity generated in a short
time as a burst and will remove the second event of a burst.
The whole table tennis robot system is visualized in Fig. 2. To
calibrate this event-based camera system, we used the wand-
based calibration approach introduced in [33]. A Butterfly
Amicus Prime ball gun with default speed settings (4m/s) was
used to shoot the table tennis balls from the opposite side of
the robot arm.

For all the software components of our perception pipeline,
we used ROS2 [34]. We used the metavison driver2 as ROS2
driver for the event-based cameras.

B. The Perception Pipeline

Inspired by [13], we use the best of processing events event-
by-event and in batches-of-events. We do this by running two
threads simultaneously. In the first thread, visualized in Fig. 3,
our perception pipeline processes the incoming events and
updates the EROS event surface event-by-event. In the second
thread, shown in Fig. 4, the ball detection runs as-fast-as-
possible. In the next two sections, each of the two parts is
described in more detail.

1https://docs.prophesee.ai/stable/hw/manuals/esp.html?highlight=stc#event-
trail-filter-stc-trail

2https://github.com/ros-event-camera/metavision driver
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Fig. 3. The first thread of our event-based perception pipeline. We process
the incoming event and update the EROS event surface event-by-event.

Fig. 4. The second thread of our event-based perception pipeline. We
initialize the ROI of the ball and, afterward, detect the ball within the ROI
as-fast-as-possible.

C. Event-by-event update: EROS Surface

Our perception pipeline uses the asynchronously incoming
events to update the EROS event representation event-by-
event. The EROS event surface allows the decoupling of the
asynchronous, high-temporal resolution event stream and the
slower processing algorithm.

EROS, with its update step defined in Algorithm 1, pro-
vides a coherent and bound spatial representation of the
asynchronous events, partially maintaining the information
about their temporal order and attempts to capture the most
up-to-date position of edges in the scene [13]. Figure 5a
shows the input events over time for an example scene. The
corresponding EROS event surface is shown in Fig. 5b. The
EROS event surface of a flying table tennis ball, used in our
application, is visualized in Fig. 6a.

The process time of the EROS update depends on only one
parameter, kEROS, which corresponds to the update region size
around each event at position (vx, vy). In this work, we use
a kEROS of 10. Since the EROS update is a computationally
cheap operation, the update can keep up with the incoming
event stream up to approximately 10 Mevents/s [14].

D. As-fast-as-possible computation: Ball Detection

As previously mentioned, we use the EROS surface as an
event representation. The EROS surface can be sampled at any

Algorithm 1 Event-by-event EROS update

Require: d = 0.31.0/kEROS , kEROS , (vx, vy)
for x = vx − kEROS : vx + kEROS do

for y = vy − kEROS : vy + kEROS do
EROSxy ← EROSxy · d

end for
end for
EROSvxvy ← 255

(a) (b)
Fig. 5. Example surface using the EROS algorithm to enable velocity-
independent representation without temporal parameter tuning: (a) the input
events over time for an example scene, (b) a visualization of the EROS surface
after integrating event information over the entire time period of the dataset.

(a) (b)
Fig. 6. (a) A visualization of the EROS surface on the data captured for the
perception pipeline of the table tennis robot. (b) The detected circle from the
Hough-based circle detector overlayed.

point in time with a temporal resolution of the event input and
used as a “grey image”, with values between 0 and 255.

Our ball detection is performed on the latest EROS sur-
face, using a fast C++ implementation of a Hough-based
circle detector, with an output similar to HoughCircles() in
OpenCV [35]. The velocity independence of EROS is critical
for the Hough transform to succeed as blurred edges due to
motion incorrectly bias Hough transform results. An example
of a detected ball is shown in Fig. 6b.

Ball detection is done in two modes: an initialization using
the whole resolution and within a Region of Interest (ROI)
afterward. Since the ball does not move far from one detection
to the next, we use the previous ball position as the center
of the following ROI. Restricting ball detections to this ROI
improves the runtime further, as shown in our experiments
in Section IV-C.
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TABLE I
OVERALL RESULTS. ∗ SINCE THE UPDATES OF THE FRAME-BASED BASELINE ARE SYNCHRONOUS, IN COMPARISON TO THE ASYNCHRONOUS

EVENT-BASED PIPELINES, WE REPORT THE RESULT IN HZ. △THE AUTHORS IN [3] DID NOT PROVIDE IOU RESULTS. †THE EVENT-BASED MEDIAN FILTER
BASELINE ONLY PROVIDES THE POSITION, AND THEREFORE, IT IS NOT POSSIBLE TO CALCULATE THE IOU.

Method Update rate [updates/s] Average run time (initialization) [ms] Error [pixels] IoU
Frame-based baseline [3] 149.0Hz* 0.8 (2.2) 1.32 △
Event-based median filter baseline (1.38± 0.12)× 104 0.000 08 (1.1) 2.90± 1.60 †
Event-based particle filter baseline [26] (3.49± 0.40)× 103 0.7 (1.0) 2.93± 1.13 0.55± 0.08
Proposed event-based pipeline (4.14± 0.10)× 103 0.1 (0.66) 1.34± 0.79 0.78± 0.11

IV. EXPERIMENTS AND RESULTS

Fast and accurate ball detection is crucial for enabling a
table tennis robot to rally a ball back successfully. The detected
ball positions in both cameras need to be accurate so that
the triangulated 3D ball positions are precise as well. The
speed and update rate of the ball detections are crucial since
table tennis is a fast-paced game, and there is only between
0.1s and 1s time from the start of the ball’s trajectory until
the ball hits the robot’s racket. Accurate velocity and spin
value estimates with a low uncertainty can additionally help
with path planning and control of a robot arm. Therefore,
we designed our experiments to evaluate the mentioned key
metrics for a perception pipeline used in a table tennis robot.

We start this experimental section by describing the base-
lines used in Section IV-A. Then, in our first experiment
in Section IV-B, we measure the accuracy of the different
perception pipelines. Next, we measure and compare the run
time of the perception pipelines in Section IV-C. Besides the
run times, we are also interested in the update rate to know
how frequently the pipelines report the position of the detected
ball. This is evaluated in Section IV-D.

We designed the proposed perception pipeline for a table
tennis robot system, and therefore, it is crucial to highlight
the benefits of the presented approach for the whole robot
setup. After the ball detection, the next step in a table
tennis robot system is the prediction of the ball’s trajectory.
In Section IV-E, we compare the trajectory prediction using
the ball’s 3D position from the frame-based and our proposed
event-based system.

A. The Baselines

In the following experiments, we compared our proposed
perception pipeline with three other approaches that serve us
as baselines. The first is the frame-based system presented
in [3]. A first event-based perception baseline is a median filter
approach, similar to [36]. The second event-based perception
baseline is a particle filter based on [26].

a) Frame-based pipeline: Since the majority of the table
tennis robot literature uses frame-based cameras for ball detec-
tion, we want to compare our proposed event-based method
with one that uses only frame-based cameras. While CNN
based ball detectors tend to have a slightly higher accuracy,
they also tend to be slower than classical ball detectors, using
more conventional image processing techniques.

We used the pipeline presented in [3], which has state-of-
the-art performance and used a similar setup. In the first step,
the method uses the difference between the current frame and

one from the past to avoid being affected by static objects.
Afterward, metrics like the aspect ratio, circularity, and size
are used to filter out outliers. Since the frame-based cameras
run at 149fps, the update rate is 149Hz with a processing
latency of around 1ms.

b) Event-based median filter: Having static event-based
cameras and assuming a static background, one of the simplest
approaches to detecting a flying ball is to use the median of the
events’ positions in a time window. A similar approach, called
event clustering, was already used in [36]. This approach will
fail if other moving objects in the scene trigger events.

To prevent this failure case to some degree, we used a
ROI, in which the median filter will consider events. We
implemented an initialization step to set the position of the
first ROI. We do this initialization by using a blob detec-
tor on accumulated event frames, which we get from the
event camera renderer3 ROS2 node. Later on, the ROI is set
to the position of the latest detected ball.

c) Event-based particle filter: A more sophisticated,
state-of-the-art approach, presented in [26], uses a particle
filter. The particle filter not only estimates the ball’s position
and radius but also the time window for the next step. This
allows the approach to adapt to the speed of the moving ball
and, therefore, to the difference in the resulting event rate.
While we started from the original implementation of [26],
we adjusted the implementation and the parameters to work
with the fast movement of our flying table tennis balls.

For this particle filter approach, we use the same initializa-
tion step as for the median filter described above.

B. Accuracy

To measure the accuracy of the event-based perception
pipelines, we proceeded as follows. We compared the 2D
position estimates of all the approaches from multiple ball
trajectories with ground truth positions. To get ground truth
2D positions, we used a circle detector on reconstructed
frames and manually removed inaccurate detections. We used
e2vid [37] for the reconstructed frames with our event stream.
This resulted in 286 ground truth 2D positions.

The 2D ball detections of the different event-based vision
pipelines will not have the same time stamps due to the
event data’s asynchronous nature and the different approaches’
working principles. To account for this, we linearly interpo-
lated the 2D positions to match with the time stamps of the
ground truth positions. Given the interpolated 2D positions
and the ground truth positions, we calculated the pixel error

3https://github.com/ros-event-camera/event camera renderer
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between them. The results are listed in the column “Error”
in Table I.

As can be seen, the frame-based pipeline does achieve the
lowest pixel error with 1.32 pixels, although the proposed
event-based perception pipeline with an error of 1.34 pixels
is very close. The event-based baselines have an error of 2.90
and 2.93 pixels, respectively, an error more than double the
one of the proposed pipeline. The proposed pipeline also has a
lower standard deviation (±0.79 pixels) than the event-based
baselines (±1.60 and ±1.13 pixels), indicating more stable 2D
ball detections.

C. Runtime

To measure the run times of the ball detection pipelines and
their components, we used the time measurement functionality
of the C++ standard library. We report the mean and standard
deviation of two ball trajectories. Since the different ball
detection pipelines have various software components, we list
the run times for every pipeline separately.

The results of the frame-based baseline are listed in Table II.
In Table III, we list the run times of the event-based median
filter approach. The results of the event-based particle filter
approach are listed in Table IV. For our proposed event-based
pipeline, we list the run times in Table V. The overall average
run times are listed in Table I.

TABLE II
RUN TIMES OF THE FRAME-BASED BASELINE [3]

Module Runtime [µs]

Ball detection (full resolution) 2.2000× 103

Ball detection (ROI) 800.0

TABLE III
RUN TIMES OF THE EVENT-BASED MEDIAN FILTER BASELINE

Module Runtime [µs]

Initialization (1.06± 0.19)× 103

Update 0.08± 0.62

TABLE IV
RUN TIMES OF THE EVENT-BASED PARTICLE FILTER BASELINE [26]

Module Runtime [µs]

Initialization (1.05± 0.20)× 103

Fetch events 5± 11
Particle filter update 700± 730
Maximum likelihood calculation 0.19± 0.42

TABLE V
RUN TIMES OF OUR PROPOSED EVENT-BASED PIPELINE

Module Runtime [µs]
Fetch EROS surface 0.5± 1.3
Ball detection (full resolution) 656± 38
Ball detection (ROI) 91± 18

As can be seen in Table I, the event-based particle filter
approach has a similar average run time as the frame-based

approach. In contrast, the other two event-based approaches
are significantly faster. During the initialization, the event-
based approaches have an average run time of at most half
of the frame-based baseline.

As previously mentioned, the median- and particle-filter
share the same initialization schema, and therefore, both have
an average initialization run time of around 1.1ms. With an
average update run time of 0.08µs, the event-based median
filter has the lowest run time after the initialization.

For the event-based particle filter method, the update step is,
with around 700µs, the most costly component. Fetching the
events (5µs) and the maximum likelihood calculation (0.19µs)
is negligible compared to the update step.

In our proposed event-based perception pipeline, the ball
detection takes an average of 656µs during the initialization
and 91µs in the ROI. This is a bigger reduction compared to
the frame-based baseline. Fetching the EROS time surface is
with 0.5µs negligible.

D. Update Rate

While a fast run time is desirable since it reduces the latency
of the algorithms, the update rate is also of great interest. In
other words, we not only want to have the position estimates
as soon as possible, but we also want them as frequently as
possible.

To measure the update rates, we divided the number of
position updates by the duration of the trajectory,

update rate =
#position updates

duration
.

We measured the durations of the ball trajectories manually by
visualizing the event stream in Metavision Studio4. We did this
for four different trajectories and report the mean and standard
deviation in Table I in the column “Update rate”.

As listed in Table I, the frame-based baseline has with
149Hz the lowest update rate, which is dictated by the frame
rate of the frame-based cameras. The event-based median filter
has the highest update rate, with an average of 1.38·104 updates

s ,
which comes from the fact that it also has the lowest run
time. The event-based particle filter (3.49 · 103 updates

s ) and the
proposed event-based perception pipeline (4.14 ·103 updates

s ) are
quite close together, with the latter being superior.

This experiment shows the benefits of an event-based per-
ception pipeline. The update rate is not restricted by the sensor
but by the algorithm used, which processes the event data.

E. Trajectory Prediction

After having detected the table tennis ball with both event-
based cameras, the ball’s 3D position can be triangulated, as
sketched in Fig. 1. These 3D positions can then be used to
estimate the ball’s trajectory. The more accurate the ball’s
predicted trajectory is, the better the robot arm can hit back. In
this experiment, we used the Extended Kalman Filter (EKF)-
based approach presented in [3] for the trajectory prediction.
Next to the position, this EKF implementation also estimates
the ball’s velocity and spin.

4https://docs.prophesee.ai/stable/metavision studio



7

0 20 40 60 80 100
Trajectory %

0

20

40

60

Po
sit

io
na

l e
rro

r [
m

m
]

Positional error (frame-based) [mm]
Positional uncertainty (frame-based) [mm]
Positional error (event-based) [mm]
Positional uncertainty (event-based) [mm]

Positional errors and uncertainties

Fig. 7. The absolute positional error and the positional uncertainty of the
trajectory with the proposed event-based perception pipeline and with the
frame-based baseline.

More frequent 3D ball position updates can help the EKF
to reduce its uncertainties of the position, velocity, and spin
of the flying ball. As previous work discussed, the spin of the
ball is crucial for a table tennis robot [3] [38] [39]. Therefore,
having a lower uncertainty about the ball’s spin is beneficial.

To show the benefits of our proposed event-based per-
ception pipeline, we predicted the ball’s trajectory with the
mentioned EKF-based approach. We do this by providing
the EKF the ball’s 3D positions in the measurement update
step and letting the EKF predict the next position, velocity,
and spin. For a fair comparison, we estimated the transition
covariance, the observation covariance, the initial state means,
and the covariance of the initial state for both EKFs using
the Expectation Maximization (EM) algorithm and made the
predictions with these optimized EKF parameters. The EM
algorithm optimizes the log-likelihood of the predicted states
and, therefore, adjusts the parameters of the EKF to the data.
This ensures good parameters for both EKF-based trajectory
predictors (frame-based and event-based). Our implementation
of EKF and the EM-based parameter optimization is based on
pykalman5 which we adjusted to work with the non-linear
model of the ball’s trajectory mid-air, commonly used in the
literature [40] [3].

We measure the error between the predicted ball position
and the ball position from the triangulated trajectory. Since
we do not have observations of the spin and velocity, we
emphasize the uncertainties of the estimated velocities and
spin values given by the EKF.

In Fig. 7, we visualized the positional errors and the
corresponding uncertainties of our event-based pipeline and of
the frame-based baseline. In Fig. 8, we show the uncertainties
of the velocity and spin estimates of our event-based pipeline
and of the frame-based baseline.

As we can see in Fig. 7, the positional error of the event-
based pipeline drops faster at the start of the trajectory. We
can also see that the positional error of the event-based
pipeline is lower compared to the frame-based baseline most
of the time. The difference in the course of the positional
error between the frame-based and the event-based pipeline
is partially influenced by the different camera setups. As

5https://github.com/pykalman/pykalman
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Fig. 8. The uncertainty of the predicted velocity and the uncertainty of
the predicted spin of the trajectory with the proposed event-based perception
pipeline and with the frame-based baseline.

sketched in Fig. 2, the two event-based cameras are located
on the side of the robot, whereas the frame-based cameras are
placed on all four corners of the ceiling.

Similar to the positional error, the uncertainties of the event-
based pipeline are also smaller compared to the frame-based
baseline, most of the time.

In Fig. 8, we can see that the uncertainties of both the
velocity and the spin estimates are lower when using the
event-based pipeline. This showcases the benefit of using an
asynchronous event-based perception pipeline instead of a
frame-based one.

V. CONCLUSION

Table tennis robots are a challenging research field for
robotic perception algorithms and, therefore, have gained
traction over the last few years. To the best of our knowledge,
we present the first real-time event-based perception pipeline
for a table tennis robot. While not yet integrated into a
whole table tennis robot system, using a table tennis robot
setup, we showcase the benefits of an event-based perception
pipeline over perception pipelines that use traditional frame-
based cameras. Namely, an update rate that is an order of
magnitude faster than a frame-based perception pipeline while
having a comparable accuracy. Furthermore, we show that
the higher update rate results in lower uncertainties of the
estimated position, velocity, and spin. This is beneficial for
the path planning and robot control of a table tennis robot,
which has to be fast to rally the ball back successfully.

We hope this work will motivate more researchers working
on table tennis robots to use event-based computer vision.
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