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Abstract

This work presents the development and validation of a visual tracking system
based on neuromorphic, or event-based, sensors for Space Situational Awareness
(SSA) applications. Unlike conventional sensors, event-based cameras generate
asynchronous events in response to local changes in brightness, enabling a highly
efficient spatiotemporal representation with high temporal resolution and low power
consumption. The study explores algorithms from the literature for processing such
data, including exponentially decaying time surfaces, a spatial activation filter to
reduce noise, an angular template-based feature detector, and an asynchronous event
tracker implementing a Leaky Integrate-and-Fire (LIF) neuron-inspired membrane
potential mechanism. The system was evaluated on real space observation datasets
and in laboratory experiments using a controlled setup with a point-like target moving
against a uniform background. Sensor bias values tuning allowed for background
noise reduction and improved signal-to-noise ratio, enhancing tracking performance.
Results demonstrate that the combination of event-based sensors and neuromorphic
algorithms produces a clean, real-time event stream while significantly reducing
computational complexity.
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Sommario

Il presente lavoro sviluppa e valida un sistema di tracciamento visivo basato su sensori
neuromorfici, o event-based, per applicazioni di Space Situational Awareness (SSA).
A differenza dei sensori tradizionali, le camere event-based generano eventi asincroni
in risposta a variazioni locali di luminosita, permettendo una rappresentazione
spaziotemporale altamente efficiente, con elevata risoluzione temporale e basso
consumo energetico. La ricerca esplora algoritmi provenienti dalla letteratura per
I’elaborazione di questi dati, comprendenti: la costruzione di superfici temporali a
decadimento esponenziale, un filtro di attivazione spaziale per ridurre il rumore, un
rilevatore di feature basato su template angolari e un tracciatore asincrono di eventi
con meccanismo di potenziale membranale ispirato ai neuroni Leaky Integrate-and-
Fire (LIF). Il sistema & stato testato su dataset reali di osservazioni spaziali e in
laboratorio mediante un setup controllato in cui un target puntiforme si muove su
uno sfondo uniforme. La regolazione dei parametri dei sensori ha consentito di ridurre
il rumore di fondo e migliorare il rapporto segnale-rumore, aumentando 'efficacia
del tracciamento. I risultati mostrano che la combinazione di sensori event-based e
algoritmi neuromorfici permette di ottenere uno stream di eventi pulito e gestibile
in tempo reale, riducendo significativamente la complessita computazionale.
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Chapter 1

Introduction

1.1 Space Situational Awareness

Earth’s orbital environment has become increasingly crowded, populated by thou-
sands of commercial, scientific, and defense satellites. About 40 000 objects are now
tracked by space surveillance networks, of which about 11 000 are active payloads.
However, the actual number of space debris (SD) objects larger than 1cm in size
(large enough to be capable of causing catastrophic damage) is estimated to be over
1.2 million, with over 50 000 objects of those larger than 10 cm (European Space
Agency, 2025).

> 1mm
> 0.1mm

2000 billion objects
130 million objects

Figure 1.1: Color-coded representation of debris modeled to be circling around Earth
in August 2024 with the number of objects of various sizes as well as active satellites
(European Space Agency, 2025).

The growing density of resident space objects (RSOs) raises the probability of
collisions (Kessler and Cour-Palais, 1978) and emphasizes the urgent need for accu-
rate Space Situational Awareness (SSA). SSA is the set of capabilities, technologies,
and activities dedicated to monitoring and understanding what is happening in
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the space environment surrounding Earth. Its primary objective is to ensure the
safety of space activities, protecting satellites, vehicles, and infrastructure both in
orbit and on the ground. This is accomplished by surveying and tracking space
debris, monitoring natural space conditions such as solar activity, solar wind, and
geomagnetic storms, and observing natural near-Earth objects that could potentially
pose a threat to the planet (European Union Agency for the Space Programme, 2025).

SOLAR ARTIFICIAL
SOURCE SPACE DEBRIS

ELECTRO-
SUB-ATOMIC
MAGHNETIC
RADIATION ] [ PARTICLES]

ORBITING
SPACE
0BJECTS

SPACE SITUATIONAL AWARENESS

Figure 1.2: The three current components of SSA (Space Academy, 2025).

Some works (The Aerospace Corporation, 2025) focus on the active management
of new SD generated by inactive satellites, either by relocating them to graveyard
orbits or deorbiting them for complete atmospheric disintegration, while others
(Battista et al., 2017) propose the removal of existing SD through dedicated capture
mechanisms. In contrast, a separate research direction adopts a passive approach,
accepting the presence of space junk and developing collision-avoidance techniques
to mitigate its impact to Earth’s orbital environment. To this end, SSA relies on
a diverse network of sensors, including radars, optical systems, and lasers in order
to detect, track, and characterize space objects. Optical sensors are widely utilized
for observing objects in Medium Earth Orbit (MEO) and Geosynchronous Earth
Orbit (GEO) due to their cost-effectiveness and lower power consumption compared
to radars (Argiro et al., 2025) for these specific distances, although their operation
is limited by weather conditions and illumination (primarily observing reflected
sunlight at night). Traditionally, these systems have employed frame-based imaging
sensors, such as charge-coupled devices (CCDs) and complementary metal-oxide
semiconductor (CMOS) active pixel sensors. However, recent developments in event-
based cameras (EBCs), also known as neuromorphic vision sensors, are reshaping
how we capture and process visual information in space.

1.2 Frame-Based versus Event-Based Cameras

In traditional frame-based cameras, the entire pixel array accumulates light intensity
during a fixed, predefined exposure time (integration time), after which the signal is
digitized in order to produce a single frame. In video recording context, this process
is repeated at regular intervals, regardless of whether there are significant changes in
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the observed scene. This approach, while intuitive, can be inefficient for monitoring
specific space objects, as all pixels acquire information, generating a potential excess
of data (spatial redundancy) compared to what is strictly necessary for tracking a
point-like target.

Fixed Frame Interval
F F, Fy F,

Sl

Traditional Camera Image (Grayscale)

e

A o Event Frame in Time Window
A (Visualisation of Events)
Event Camera Eg. ..., [156, 278, 0.016895, 1], ...

Figure 1.3: Conceptual comparison between conventional frame-based imaging and
event-based vision sensors. Event-based cameras asynchronously report brightness
changes, enabling sparse and high-temporal-resolution sensing (Xu et al., 2025).

In contrast, event-based sensors produce an event stream rather than conventional
images (Cohen et al., 2019). They operate in an event-based paradigm, drawing
inspiration from both the functioning of the biological retina and the computation
and processing found in biological vision systems (Ralph et al., 2019). Pixels in
event-based cameras operate in an independent and asynchronous manner, producing
data only in response to changes in the log intensity of the illumination at that pixel.
The independent nature of each pixel removes the need for a global exposure time or
shutter, allowing these devices to operate in a continuous fashion and diminishing
the saturation effects suffered by conventional frame-based devices (Zolnowski et al.,
2019). The asynchronous nature of the pixels produces a frame-free output with a
high temporal resolution, serving to remove the effects of motion blur and providing
the device with a very high dynamic range (Chin et al., 2019).

Furthermore, event-based cameras offer high-speed and low-power operation to-
gether with a sparse spatiotemporal representation of visual information (McReynolds
et al., 2023). These characteristics lead to intrinsically low data rates and reduced
bandwidth requirements, which are critical for spaceborne sensing platforms (Oliver
et al., 2025). Because the data output depends on scene dynamics rather than
fixed sampling intervals, event-based cameras can achieve effective frame rates of
thousands of frames per second while maintaining minimal power and communi-
cation overhead (Bagchi and Chin, 2020). The efficiency and temporal precision
of this sensing paradigm have enabled significant advances in real-time detection
and tracking for space applications, including star tracking (Chin et al., 2019),
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multi-object tracking (Cheung et al., 2018), and collision avoidance systems based
on neuromorphic vision (Coretti et al., 2025).

Event-based sensors are also emerging as a promising technology for several astro-
nomical and astrometric applications. Their microsecond-level temporal resolution
and high dynamic range enable the generation of star maps directly from event
streams, supporting high-precision astrometry even under challenging illumination
conditions (Cohen et al., 2018), as visualizable in Figure 1.4.

Figure 1.4: A star map generated by the event-based camera and overlaid over the
ground truth CCD image. The star map generated by the event-based camera is
shown as the inset in the above image. Above the inset, the correct location on the
ground-truth image is shown within the white rectangle (Cohen et al., 2018).

B

Figure 1.5: Simultaneous capture of a satellite made with three telescopes, each of
them mounting an EBC. The full trajectories are shown (Aliste et al., 2023).

Additionally, their ability to detect faint, transient, or fast-moving light sources
makes them suitable for astronomical observations involving dim stars, planets, and
small bodies (Aliste et al., 2023), as shown in figures 1.5 and 1.6. Event-based
sensors are also well suited for all-sky imaging and continuous sky monitoring, where
their low data rate, low power consumption and robustness to variation of light
allow efficient detection and tracking of events across wide fields of view (FOV)
(Ralph et al., 2019). Collectively, these results demonstrate that event-based imaging
provides a compelling technological foundation for next-generation space domain
awareness systems (Afshar et al., 2020).
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Figure 1.6: Simultaneous capture of a satellite made with three telescopes, showing
the cropped trajectories of the object (Aliste et al., 2023).

1.3 Thesis objective and outline

The aim of this thesis is to investigate the applicability of event-based vision sensors
to the detection and tracking of RSOs for optical SSA applications. In particular,
this work aims to (i) analyze the operating principles and constraints of event-based
sensors, (ii) design and implement an event-based detection and tracking algorithm
tailored to space object observation, and (iii) experimentally validate its performance
through laboratory data acquisition and processing, with special attention to the
influence of sensor bias settings on tracking performance.

This thesis is structured as follows. Chapter 2 presents the fundamentals of event-
based vision, including pixel architecture, bias currents, and a review of detection
and tracking techniques for event streams, with a discussion of current challenges in
optical SSA. Chapter 3 describes the proposed event-based detection and tracking
algorithm, detailing the dataset used for validation, the pre-processing pipeline,
the feature detection strategy, and the tracking framework. Chapter 4 focuses
on laboratory data acquisition and experimental validation, illustrating the setup
configuration, the optical stimulus design, and the results obtained under default
and tuned bias settings. Finally, the main findings of this work are summarized and
discussed in the conclusions, together with possible future research directions.






Chapter 2

Event-Based Vision

2.1 Event-Based Sensor Pixel Architecture

EVS represent a paradigm shift in imaging, where pixels respond asynchronously
to changes in light intensity rather than capturing full frames. Figure 2.1 shows a
simplified EVS pixel architecture. Each pixel contains a photodiode that generates
a photocurrent I, in response to incident light, which is converted to an output
voltage V), proportional to the natural logarithm of the photocurrent (V, o< In Ip).
This signal is buffered by a source-follower and amplified by a factor of —C/Cy
(capacities of the two capacitors in the change amplifier stage, as shown in figure 2.1),
resulting in a voltage signal V.

photoreceptor change amplifier  comparators

Source

speed

follower
“loroh pufier J— ON

() | \Ver_amofy X Vit -
| pi [T
. i L |oFF

<Ly |>o o LN
feedback

%x amplifier — Oox xlog ('M/'m”)
reset
l' ph Bopr x log (Im”/[o")
= refractory period o 1 /,"ﬁ

Figure 2.1: Simplified EVS pixel architecture (McReynolds et al., 2023).

In the comparator stage, Vg ¢ is continuously monitored and compared to a
reference level stored in analog memory, corresponding to the voltage level of the last
reported event. An ON event (positive polarity) is generated when the brightness in-

7



8 Chapter 2. Event-Based Vision

crease exceeds the oy threshold, and an OFF event (negative polarity) is generated
when the decrease exceeds the Opopr threshold. Both thresholds are tunable. The
output is encoded as asynchronous spikes according to the Address-Event Represen-
tation (AER) standard (Cohen et al., 2019). AER is an asynchronous, event-driven
communication and coding protocol originally designed to exchange information
between neuromorphic chips. As shown in Figure 2.2, a typical AER-based sender
implements two functions: encoding and arbitration. The encoder waits for an event
and encodes the event identity based on its location. This encoded “address-event”
is then sent across the output bus as they occur, preserving the timing information.
When two or more events arrive simultaneously, an arbitration mechanism is used
to avoid collision and determine which event is communicated first on the output
bus. A queuing mechanism is introduced to allow other events to wait for their
turn. This queuing can be at the source (per pixel), shared (per AER encoder), or a
combination of the two (Liu et al., 2014).

GDI:’
\ uoneiqy /

Figure 2.2: AER communication protocol (Purohit and Manohar, 2022).

After reporting an event, the pixel ignores signal changes for a finite period
known as the refractory period. After this period, its memorized reference level is
reset, and the pixel again monitors the input signal to report subsequent changes
relative to this new reference.

2.2 Bias currents

The performance of event-based sensors depends on illumination levels and the config-
uration of so-called bias currents, which control pixel circuitry behavior. McReynolds
et al. (2023) provide a theoretical background. Thresholds 0oy /opF are directly
controlled by three biases: Iy;rr, Ion, and Iopp:

bon = 2y, Ton
k‘zz) 1 1y ff
kn Cy  Laifs
k2C1  Iorr
In Equations (2.1) and (2.2), k, and k, are the sub-threshold slope coeffi-
cients of the N-type Metal-Oxide-Semiconductor (NMOS) and P-type Metal-Oxide-
Semiconductor (PMOS) transistors, respectively, determining the effective conversion

(2.1)

Oorr = (2.2)
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gain between the bias currents and the sensor activation thresholds.

To first order, when thresholds are low, the dimensionless term to the left of the
logarithm corresponds to the fractional signal change required to generate ON and
OFF events. In practice, however, transistor mismatch and noise limit the lowest
usable threshold levels, typically between 0.11 and 0.15 fractional change under good
lighting conditions, but potentially much higher in the dark, especially when low
noise rates are required.

Photoreceptor response speed, often referred to as pixel bandwidth, depends on the
induced photocurrent I, at the photodiode as well as the I, and I,y bias currents.
Under low illumination, bandwidth is primarily determined by photocurrent and
increases monotonically with light intensity. At higher illumination levels, either I,,
or Iy will determine bandwidth, depending on how these biases are balanced.

The refractory period is uniquely defined by I, ., which controls the rate at which
the reset switch node voltage charges after each event. A higher I,.y, results in a
shorter refractory period, while a longer period can reduce recorded information but
improve noise performance in low-light scenarios. The effect of bias currents on the
EVS performance is summarized in Table 2.1.

Table 2.1: Effects of bias adjustments. The intended influence of tuning each
controllable EVS performance parameter is listed above, as well as the unavoidable
impact on noise rates. Optimization for spatial detection accuracy (SDA) is a
delicate balance of biasing for sensitivity, speed and noise management (McReynolds
et al., 2023).

Parameter Biases Adjustment Main Effect Noise Rate
Effect

Increase Reduced sensi- Decrease

Threshold(s) Laigf, lon, loFF tivity

Decrease Improved sen- Increase
sitivity

Increase Faster  pho- Increase
toreceptor
response

Pixel Bandwidth I, Isf

Decrease Slower  pho- Decrease
toreceptor
response

Increase Shorter inter- Increase
val between
consecutive
events

Refractory Period Icf,

Decrease Longer inter- Decrease
val  between
consecutive
events
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2.2.1 ATIS and DAVIS cameras

Several types of event-based cameras have been designed, including temporal contrast
sensors, gradient-based sensors, edge-orientation sensors, and optical-flow sensors
(Roffe et al., 2021). For example, Cohen et al. (2019) describe two types of EBCs:
Asynchronous Time-based Image Sensor (ATIS) by the French company Chronocam
and Dynamic and Active-pixel Vision Sensor (DAVIS) by iniLabs, both deriving
from the same original prototype. In the ATIS camera, each pixel contains a level-
crossing detector, or threshold detector (TD), circuit and an exposure measurement
(EM) circuit for absolute illumination measurements. In the TD circuit the events
are generated with a polarity to indicate an increase or decrease in the relative
illumination. As regards the EM circuitry, the absolute illumination measurement is
carried out in two different ways. In global snapshot mode, all the array’s pixels
are triggered at the same time (for each pixel an event is triggered) and each one
starts to integrate the incoming light. When the absolute intensity in a pixel crosses
a threshold, a second event in that pixel is triggered. The time duration between
the two consecutive events represents the absolute illumination level for that pixel.
The brightest pixels respond first. The final product is a complete frame where each
pixel records a time-encoded measurement of absolute illumination. This mechanism
allows absolute brightness to be encoded without an analog-to-digital converter
(ADC), saving space, power, and time. Indeed, it allows the sensor to transmit pre-
cise illumination information with just two events, making the output very compact.
The global snapshot mode is useful to obtain images in static conditions, such as
stars or Geosynchronous Earth Orbit (GEO) satellites, or when calibrating.

The alternative mode is the event-driven snapshot: when the TD circuit of a pixel
records an event, it triggers an event in the associated EM circuit which starts
integrating the incoming light and measures its absolute luminosity as previously
discussed. Thus, each pixel measures its absolute brightness independently of the
other pixels only when an event (luminosity change) occurs, reducing the number of
active pixels. The event-driven snapshot is thus useful to efficiently capture dynamic
scenes, reducing the data to transmit.

The DAVIS imager also offers dual outputs in the form of change detection and ab-
solute pixel illumination measurement. Conversely to the ATIS camera, the DAVIS
camera contains a synchronous frame-based pixel sensor in addition to the change
detection circuitry, allowing for the output of conventional frames and making this
output compatible with the majority of computer vision algorithms and techniques.

2.3 Detection and Tracking Techniques in Event-Based
Data

2.3.1 Event-Based Sensors Output

The output of event-based sensors can be described as a sparse, frame-free, asyn-
chronous spatio-temporal stream of events, which are defined as:

e=[r,y,p 1" (2.3)
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Figure 2.3: Schematic of the two components of each pixel in the ATIS sensor. These
are the change detector circuitry and the exposure measurement circuitry (Cohen
et al., 2019).

In Eq. (2.3), « and y are the pixel coordinates of the event, while p is the event

polarity. An OFF event corresponds to p = —1, or p = 0 sometimes; an ON event
corresponds to p = +1. Finally, ¢ is the event timestamp.
As stated in Sec. 1.2, this type of output provides advantages such as low data rates,
low power consumption, high temporal resolution, high dynamic range, and reduced
motion blur, but requires different interpretation methods compared to conventional
frame-based sensors.

2.3.2 Event-Based Optical SSA and Tracking Challenges

Optical SSA using EBCs is a significantly different process to conventional optical
SSA. Instead of exposing a sensor for a predefined period to accumulate light
from a scene, an EBC keeps its pixel array continuously active, producing near
microsecond asynchronous binary “events” whenever a pixel experiences a temporal
change in brightness. Such variations in illumination can be caused by the apparent
motion of an RSO or atmospheric scintillation. Because this output consists solely
of contrast events, without frames or conventional intensity measurements, it cannot
be processed using standard optical detection or tracking techniques.

2.3.3 Conventional and Statistically Robust Tracking Methods

The objective of tracking is to recursively estimate the state of a target over time,
a task that is nontrivial even in conventional tracking scenarios. Numerous Single
Target Tracking (STT) and Multiple Target Tracking (MTT) algorithms have been
developed (Ralph et al., 2022). Among the simplest approaches is the Global Nearest
Neighbor (GNN) tracker (Blackman and Popoli, 1999), which is computationally
efficient and supports MTT, but fails to properly propagate state and measurement
uncertainty. This limitation renders GNN trackers susceptible to noise and can lead
to irreversible measurement-to-track association errors (Shon, 2019). To address these
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shortcomings, statistically robust tracking frameworks such as Probabilistic Data
Association (PDA) (Bar-Shalom et al., 2009), Joint Probabilistic Data Association
(JPDA) (Bar-Shalom and Tse, 1975), Multiple Hypothesis Tracker (MHT) (Blackman,
2004) and Probabilistic Multiple Hypothesis Tracker (PMHT) (Streit and Luginbuhl,
1994) explicitly model multiple measurement hypotheses and uncertainties through
probabilistic association and likelihood weighting.

20
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]
Time (s)

(a) PMHT: X pixel vs time
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(a) PMHT-pp: X pixel vs time
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3 4 5

6 5
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(b) PMHT: Y pixel vs time (b) PMHT-pp: Y pixel vs time
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Figure 2.4: PMHT tracking results. In (a) the red lines denote tracks of four different
objects, while the blue dots denote clustered measurements; in (b) the green lines
denote tracks produced by the Poisson Priors variant of PMHT, while the blue dots
denote again clustered measurements (Cheung et al., 2018).

2.3.4 Event-Based Tracking Requirements and Existing Approaches

Despite their robustness, conventional multi-hypothesis tracking algorithms are not
directly suited to event-based sensing. When applied to event streams, they often
incur significantly higher computational costs, as they are not designed to process
the asynchronous, high-temporal-resolution, and event-driven outputs of EBCs.
Event-based tracking algorithms must therefore exploit these characteristics directly,
in particular the high temporal resolution and asynchronous operation. To this
end, Alzugaray and Chli (2020) developed HASTE (multi-Hypothesis Asynchronous
Speeded-up Tracking of Events), a high-speed and accurate tracking algorithm which
has been shown to address many of the challenges above.

The trade-off between rigorous state estimation and individual event processing
while operating at real-time and on an event-by-event basis using a novel asyn-
chronous patch-feature tracker that uses pre-learned feature templates have been
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Figure 2.5: Example feature tracks with the Haste-Difference tracker over 40 ms
(Alzugaray and Chli, 2020).

explored. Pre-learned features are problematic for systems such as SSA, where it
is desirable to operate without priors on the ideal spatio-temporal features that
represent trackable targets since target appearance is rarely known and can vary
based on tumble rate, illumination angle, material composition, atmospheric seeing
conditions, and orbital regime.

A significant part of the literature also focuses on corner detection, employing well-
established Harris and FAST (Features from Accelerated Segment Test) key-point
trackers (Alzugaray and Chli, 2018). Various optical flow estimation algorithms
(Benosman et al., 2013) have also been proposed, which can be used to form the
basis of a tracking algorithm. Machine learning approaches to tracking by detection
have also been proposed, largely using GNN strategies or learned associations with
supervised and unsupervised feature extraction for measurement detection (Lagorce
et al., 2015; Afshar et al., 2019). These algorithms operate on various representations
of events, such as integrated frames, volumes (Baldwin et al., 2022), graphs (Bi
et al., 2020), and time-surfaces (Clady et al., 2015; Afshar et al., 2019).

2.3.5 Probabilistic State Estimation in Neuromorphic Tracking

Many neuromorphic tracking algorithms utilize the Kalman filter or Markov-Bayes
recursion for track state estimation (Ralph et al., 2022). However, few use the previ-
ously described statistically robust trackers from the conventional tracking literature.
Some examples of their use include the development of GM-PHD (Gaussian Mixture
Probability Hypothesis Density) tracking (Foster et al., 2019) and MHT (Leclerc
et al., 2018). These algorithms operate on event clusters accumulated over time and
accumulated frames of event-based data respectively. Additionally, GM-PHD has
been designed to operate on normalized event-maps (Chen et al., 2020). A statisti-
cally robust tracker in the neuromorphic literature, also termed probabilistic data
association, has been proposed (Peng et al., 2024) as an expectation-maximization
algorithm for optical flow, not to be confused with the established PDA tracker of
the same name.

2.3.6 Real-Time Event-Based SSA Tracking with FIESTA

A notable real-time and robust approach to event-based SSA tracking is the Fast Iter-
ative Extraction of Salient Targets for Tracking Asynchronously (FIESTA) algorithm.
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FIESTA operates asynchronously on individual events and selectively processes only
those likely to correspond to trackable targets, identified via a feature consolidation
mechanism based on spiking neural networks. The system comprises filtering, feature
extraction, and tracking modules, with feature consolidation implemented using
two feedforward Feature Extraction using Adaptive Selection Thresholds (FEAST)
networks: a Fast Adapting Network (FAN) that rapidly learns transient salient
features and a Slow Adapting Network (SAN) that consolidates stable features.
When a SAN neuron spikes and exceeds an activity threshold, the corresponding
event is forwarded to a modified asynchronous PDA tracker as a measurement.
Track neurons incrementally learn target appearance from spiking FAN neurons,
enabling associations based on both spatio-temporal context and learned features.
The tracker output is post-processed to suppress edge artifacts, interpolate track
states over time, and remove duplicate detections, mitigating effects such as wake
events and hot pixels.

Conventional Feature Features Next Layer of
Extraction with Multi-Layer Features
Neural Networks

’ ’ Feature Convolutions ’
Input or Neuron Activation ’ ’ ’

18 ’_’”“” —* ’!:: :

FIESTA Feature Fast Adapting Slow Adapting
Consolidation Network Network ’

,:’ ,:

Feature Consolidation

Network Input Direct from FAN
Weights
’ Not FAN Achvatlon ,

Rehearsal via Rehearsal via
FEAST Update FEAST Update

Figure 2.6: Comparison of conventional feature extraction and feature consolidation
in FIESTA. In (Ralph et al., 2022) novel feature consolidator, feature weights learned
by the FAN are consolidated into the long-term SAN for later processing. This
approach is as an alternative to the conventional approach of extracting features
over multiple layers using feature convolutions or neuron activation.

2.3.7 Open Challenges and Research Opportunities

Although many neuromorphic tracking algorithms demonstrate high speed and
accuracy within their intended applications, relatively few achieve fully real-time
operation while incorporating the statistically rigorous state estimation techniques
characteristic of conventional tracking frameworks. As a result, despite the variety
of tracking approaches, learning-based feature detection and tracking methods also
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offer considerable room for research (Gallego et al., 2020).






Chapter 3

Event-Based Detection and
Tracking Pipeline

3.1 Dataset for Code Validation

In this work, in order to get started with event-based object detection and tracking,
the first publicly available event-based space imaging dataset in the literature was
used, with over 8 hours and 377 million events, created by Afshar et al. (2020)1.

Event time profiles for all recordings in dataset

event time stamp (us)

10° 10% 10* 108
event index

Figure 3.1: Plot figure of the timestamp of all recordings in the dataset as a function
of their index. Each line indicates one recording (Afshar et al., 2020).

The space imaging dataset was captured using both Asynchronous Time-based
Image Sensors (ATIS) and Dynamic and Active-pixel Vision Sensors (DAVIS) and

"https://drive.google.com/drive/folders/1 TMCkTV4IS4Sxw6rX DFnUFGIE9yDWO05CG

17



18 Chapter 3. Event-Based Detection and Tracking Pipeline

was undertaken at the Australian Defence Science and Technology Group’s research
facility in Edinburgh, South Australia. The experiments made use of their robotic
electro-optic telescope facility, which was modified to support the event-based
sensors and the existing astronomy equipment simultaneously. The recordings
contain portions where the satellites are actively tracked (telescope moves to follow
satellites), segments where the stars are sidereally tracked (telescope moves to
compensate Earth’s rotation), and parts where the telescope remains static relative
to the ground. Due to the continuous nature of the event-based recordings, some
recordings contain portions of all three types of operation. It is important for
event-based systems to reliably track across all modes of movement, as this is what
will usually be present when operating these systems.

The time-stamp profiles of all recordings in the dataset show the heterogeneity and
non-idealities in the dataset, as shown in Figure 3.1. The discontinuous staircase
features in the time-stamp profiles represent event stream timing artifacts. These
event stream ‘jumps’ and ‘dumps’ occur when multiple events are erroneously
assigned simultaneous time-stamps often at periodic intervals. From the authors’
perspective, this effect is likely due to USB communication delays in the cameras.

3.2 Pre-processing

A dimetric projection of the raw event stream from a two-minute recording of the
SL-8 R/B rocket body is shown in Figure 3.2a.
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Figure 3.2: (a) Event stream of the SL-8 R/B recording by Afshar et al. (2020) in
the 3-dimensional x — y — ¢ space. Since neuromorphic sensors do not capture frames,
but rather independent pixel changes, each data point is defined by its position in
space and its occurrence in time; (b) Percentage distribution of ON and OFF events.

This particular recording of the rocket body is an especially instructive data
stream of the dataset because it contains nearly all the sensor non-idealities, scene
complexities and processing challenges that can be found in the dataset as a whole.
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The inset in Figure 3.3 focuses on a small sub-region of the spatio-temporal event
stream centered around the object with the highest Signal-to-Noise Ratio (SNR)
which is the rocket body. The plot of this small sub-region shows the high noise rate
of a typical Event-Based Space Imaging (EBSI) recording as well data artifacts such
as noisy hot pixels (unbroken vertical lines in the inset), event timing jumps (at
approximately ¢ = 93s), and event dumps (at approximately ¢ = 0s). Such non-ideal
behavior was observed with both the DAVIS and the ATIS sensors under different
conditions. In addition, a cloud of events is clearly visible in the first tenths of a
second of the dimetric projection, called initial dump events.
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Figure 3.3: The bended curve on the left represents the event stream of the SL-8
R/B, while the green straight lines are some of the hot pixels of the recording. Blue
points are the initial dump events.

The entire approach of this work, presented in Afshar et al. (2020), is event-based
with all components from the sensors to the detectors and trackers operating totally
in the event-based domain. We recall that an event is defined as an array of 4
elements, as shown in Eq. (2.3).

Event-based algorithms typically require some form of memory of recent events to
build meaningful spatio-temporal representations. The method used in the work and
one which usually outperforms other approaches is the exponentially decaying event
time surface (Afshar et al., 2020). A matrix called T, that contains in its entries the
time-stamp of the most recent event at each pixel, was built. At each event e;, the
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Table 3.1: Processor 1 Characteristics.

Name Base frequency

Intel(R) Pentium(R) CPU 4415Y 1.60 GHz (Without Turbo Boost)

entry in 7 at location x; = (z;,¥;) is updated by the event time stamp ¢; with all
other entries in 7T remaining unchanged. Using 7', an exponentially decaying time
surface matrix S is built.

Exponentially Decaying Time Surface
ON Events OFF Events

50 s0 R

x (pixel)
x (pixel)

200 [ 02 200 |

20 40 60 80 100 120 140 160 180 20 40 60 80 100 120 140 160 180
y (pixel) y (pixel)

Figure 3.4: Exponentially Decaying Time Surfaces at ¢ = 27.4s. The white circles
are centered about the last event occurring at the selected time.

The content of its cells can be calculated with:

T(xp)—ti

VxpeX: Sxp)=e - (3.1)

where X is a matrix that contains all pixel addresses on the sensor, k is the
index of the sensor pixel, and 7 is the decay constant of the time surface. The
value of 7 = 0.4s was chosen heuristically and found to maximize accuracy of
the algorithm when applied to the dataset (Afshar et al., 2020) At shorter time
constants, the memory of recent events fades so quickly on the time surface that
faint objects, which generate fewer events over time, generate too short a trace
to be distinguishable from noise clusters and thus are rejected, resulting in lower
sensitivity (true positive rate). On the contrary, for time constants that are too long,
the memory of past events persists for a prolonged period on the time surface. This
causes traces from multiple events to accumulate and potentially overlap, including
noise events, which can create spurious activations and reduce specificity (increase
false positives). Moreover, the temporal resolution of the surface decreases, making
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it harder to discriminate fast-moving objects or rapidly changing event patterns. All
pixels in 7" and S are initialized to —oo and 0 respectively. As an example, Figure 3.4
was obtained using the instance of the ON and OFF time surface for the SL-8 R/B
recording used. The particular corresponding instant of time is tyow = 27.4s. The
white circles are centered around the last event detected at the selected time and
represent the Regions Of Interest (ROI), that is, the locations of the image that are
worth processing.
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Figure 3.5: Regions of Interest.

3.3 Feature Detection Algorithm

After creating the exponentially decaying time surface S, in fact, a ROI of size D x D
pixels around the last event is cut from the matrix S and is selected for processing.
While small ROIs with faster decaying memory suffice in high SNR contexts, in low
SNR applications such as EBSI, larger-sized ROIs with slower decaying memory
collect more information from a larger spatio-temporal volume, which typically
results in better performance. On the other hand, increasing the ROI size reduces
computational speed. During the cropping phase of the ROI, it is necessary to
control if the event is located too close to the edge of the camera’s FOV, to avoid
problems in creating the matrix. In this specific case the event is discarded and the
ROI is not created, in any other case it is maintained. When created, the ROI is
kept if a surface activation test is passed successfully. Through heuristic testing of
the space imaging dataset and the algorithms presented in this work, an ROI of
15 x 15 pixels was found to provide a reasonable trade-off between performance and
speed by Afshar et al. (2020). The i-th ROI is then processed by a surface activation
test. This test effectively acts as a noise filter and is a generalization of the nearest
neighbor filter, presented by Czech and Orchard (2016). If the number of recently
activated pixels on the time surface within the ROI is above a predefined value L,
then the ROI is accepted. Recency is defined as a pixel that has received an event
within ® seconds and this means that the value of each pixel of the ROI is compared
to a threshold 7 that is between 0 and 1. The relation between ® and 7 is viewable
in equation (3.2).
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n=e*" (3.2)

In this work, the values of L = 10 and ¢ = 0.1s were chosen.

If this test is passed successfully, the ROI is maintained and the event screening
process continues through two additional methods. The first one is called angular
activation test and filters the events with the method of half bar templates.

In this stage of processing, a valid D x D ROI is converted into an angular
activation vector A, generated by matching the ROI with each of N rotated half-bar
templates.
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Figure 3.6: (a) 36 Streak templates rotated at 10-degree intervals to calculate
the angular activation of the ROI; (b) Look-Up Table (LUT) that converts the
ROI values into an angular activation vector A through a single vector-matrix
multiplication operation.

The template consists of a bar of length R+ 1 (R being equal to D/2) and 3
pixels wide with a magnitude of 1. The bar width parameter at 3 pixels was found
heuristically by the authors to produce the best performance across a wide range
of object sizes and ROI sizes. This is likely due to the three-pixels bar being close
to the size of the smallest resolvable streak in the space imaging dataset. Outside
of the bar, the rest of the template has a negative magnitude of —0.2 to penalize
activation from noise events. Afshar et al. (2020) selected N = 36, meaning that the
angular step between adjacent angular templates, i.e., orientations of the half-bar
template, is 10°, viewable in Figure 3.6a.

The half bar template also acts as a more general orientation-selective feature
detector that can detect the tips of streaks which are much thicker than the 3-
pixel half bar template. Furthermore, when the relative activation of the rotated
templates is used as a feature, the pattern of template activations also selectively
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detects stationary objects of arbitrary size. It was found through experimentation
with a range of different bar shapes, lengths, widths and template values, that as
long as the template was strongly uni-directional, the precise shape of the template
did not significantly impact performance.

Later the N, D x D templates are re-arranged into an N x D? Look Up Table
(LUT), as shown in Figure 3.6b, and the D x D ROI matrix is rearranged into a
D? x 1 vector, reading its elements column by column.

In this way, matching the ROI with the half-bar templates consists in the matrix
multiplication of the LUT with the ROI vector, yielding an N x 1 vector A, as
viewable in Eq. (3.3).

A =LUT - vec(ROI,) (3.3)

The i-th element of the vector A quantifies the activation of the i-th angular
template, i.e. how good is the match of the ROI with the i-th orientation of the
half-bar template. Each index of A is equivalent to an angle, and the step between
adjacent indexes is 10°, as stated above. The index m of the maximum value of A
is associated with the most activated angular template, i.e. the orientation of the
half-bar template that best matches the ROI.

Regardless of the implementation environment, the calculation of the angular
activation vector A is the most computationally expensive step relative to the number
of events processed, since it’s significantly more computationally expensive than
the previous surface activation test, but, unlike subsequent stages which are also
computationally intensive, this operation is performed on the majority of the events
from the camera.

In conclusion of this process, the angular vector A is compared to a static thresh-
old W = 7. The use of a static threshold simplifies the algorithm implementation
whereas the use of a dynamic threshold can provide greater robustness to noise
events. The index of each angle that is above this threshold is taken and put into
another vector, called I'. Subsequently, after passing this first step, a A vector is
created, which is A circularly shifted by N/2, as explained in Algorithm 1. T is
extrapolated from A in the same way as I' and A. At this point, both T’ vectors are
compared to another threshold, this time dynamic, calculated as in Eq. (3.4).

max(A;) + min(A;)

W, = 5 (3.4)

This test serves as a filter that removes events not associated with a streak on
the time surface. However, this filter does not distinguish between events that are
on or near a streak and those at the streak’s tip (Afshar et al., 2020).

To further extract these later events, a statistical unimodality test must be
applied to the angular activation vector A. To this end, the authors propose a
highly simplified hardware amenable circular unimodality test which calculates the
algebraic mean g of I' and checks whether the distance ¢ between ¢ and the index
m of the maximum element of A (and therefore of T') is below a threshold 4. The
authors opted for a value of § = 2, which is equivalent to a tolerance of 20° in the
angular distance. The authors explain that the computation of the mean ¢ of vector
I' as a non-circular algebraic mean, and not as a circular mean, is necessary to
decrease the computational cost, but it also allows to deal with pathological cases in
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Figure 3.7: Angular activation of the half-bar templates when matching with the
ROI centered on the event at tpow = 27.4 x 109 s.

the space imaging event-based dataset. These pathological cases make up a small
but consistent fraction of the observed ROIs, occurring regularly whenever events
are triggered late in the trail of a fast-moving target. These trail events generate
bimodal distributions of A which regularly have circularly symmetric elements that
can cancel each other out. In such cases, the standard circular mean method results
in the circular mean index ¢ and circular max index m being close enough to generate
false positive detections. The same operation is then performed on A. These two
operations result in two non-circular distances ¢ and 5 , the smaller of which is
compared to the threshold . The unimodality test is passed if:

min(G;, &) = min(jm; — gl 1 — &) < 8 (3.5)

Despite its simplicity, the proposed unimodality test, whose results are viewable
in Figure 3.10, is highly selective and performs remarkably well at extracting space
targets from the observed event-based space event streams while being robust to
noise, object velocity, object size, and orientation (Afshar et al., 2020). If the event
e; passes the angular unimodality test, it is augmented with the mean orientation
variable 6; = ¢;, which tells in which direction the object is moving, and results in
an output detection event f;.

The resulting, substantially sparser output stream of streak detection events can
then be forwarded to a more computationally demanding event-based tracker. The
event-based tracker may in turn be interpreted as an even more restrictive filter,
capable of rejecting spurious detection events that are not associated with other
nearby detections sharing the same orientation and velocity.

The number of events that passed the various steps with this set of parameters
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Figure 3.8: The panels in (a), (b) and (c¢) show the x and y pixel location and
orientation of the events which passed the feature detection. The panel in (c) show
the orientation of the detection events, based on the mean index of above-threshold
templates 0; = ¢;. SL-8 R/B forms the long, slightly curved line.
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Table 3.2: Feature Detection Parameters used for processing of Afshar et al. (2020)
recording.

Parameters Values Name

T 0.4s Decay Constant of the Time Surface

L 10 Number of active ROI pixels

10) 0.1s Decay Constant of Surface Activation Test
) 20° Tolerance of Angular Distance

Werat 7 Static Threshold

At feqt 102s Code Processing Time

is 29 488 ON and 16 222 OFF, starting from the initial 2 136 083, as shown in
table 3.4. Actually, events with a timestamp less than 0.8 s were excluded from this
analysis because they generated too many false positives, containing 567 331 events
of the total recorded. The effectiveness of this feature detection filter can be seen in
Figures 3.8 and 3.9.
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Figure 3.9: Processed event stream derived from the SL-8 R/B recording, following
the application of feature detection algorithms and noise filtering of the events.

3.4 Tracking Algorithm

The event-based tracker algorithm removes virtually all false detection events re-
maining after the feature detection stage while correctly clustering events from each
object.

At the core of the proposed event-based tracker lies the concept of hypothesis,
or predicted observation, H. ,go) of the o-th object at time step k:
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O _ s o g dix dik by
Hk = | Tk, Yk, 9](37 dt ) At dt y Pk tk (36)

When the first detection event f; of an object o in the scene occurs, the first
hypothesis, or a priori hypothesis, for that object is defined as:

T
H{O) == [.Tj, Yj, 9]', 0, O, 0, Dj, tj} (37)
Each tracked object o is modeled as a Leaky Integrate-and-Fire (LIF) neuron
whose membrane potential decays over time and is incremented by spikes whenever

a detection event f; is assigned to it. The membrane potential M ,50) represents the
level of recent observations of object o at time step k and is defined as:

M,ﬁo_)l —y(t; —th—1) + 1, if f; is assigned to ngo),
M =0, if M, <o, (3.8)
M;E,O_)l —(t; — th—1), otherwise,

where v > 0 is the decay constant. For the a priori hypothesis, M. ,gi)l = 0, hence
M =1
=1

If the membrane potential M k(f))

reaches the activation potential M4, the object
is identified as a true tracked object. Conversely, if M ,io) reaches zero, the object is
deleted.

(0)

An activation variable A, tracks the activation level of the object until it reaches
My:

M7
Algo): My if M,” < My, (3.9)
1, otherwise.
When a new detection event f; is collected at time t; = t, the predicted

hypothesis of each active object (M ,go) > () is computed assuming linear constant-

velocity motion:
d

Tk Tr—1 dt;zflx
Ye| = k=1 | + | ag, 7Y| (e — te—1)- (3.10)
Ok Op—1 d

dtg_1

The weighted Euclidean distance between detection event f; and the predicted

hypothesis H ,S,O) is then computed as:

a0 = V(as — o2 + (g — y7)2 + 00— )2 (3.11)

The angular weight w,(go) is defined as:

) 2

(0)\ 2 (0
() _ duy, dyy, (0)
wk-—VJ< b )«+< . )/%, (3.12)

where V' is a scaling factor, set to V' = 0.1 pixel/degree.
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(0)

The detection event f; is assigned to the object that minimizes dj,~ subject to

the constraint:
4\ < dipay. (3.13)

Only the winning hypothesis is updated using a sequential least-squares method
with online covariance and variance estimation over a rolling window of length K.
The membrane potential of the winning object is incremented by one. If no object
satisfies the distance constraint, a new object is initialized with hypothesis H fOH).

Finally, the membrane potentials of all active objects decay, and a new tracker
iteration begins.

The output of the tracker is an event stream of the form:
g1 = [z, v, o1, 01, 01, 1] " (3.14)
where o; denotes the index of the object associated with the [-th tracker event.

Post-Tracking Event Stream
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Figure 3.10: (a) Number of tracking events per object; panels (b) and (c) show the
tracker event position in x and y respectively over time, while (d) shows the angular
direction.

As reported by Afshar et al. (2020), the number of objects crossing the scene
during the whole is 9. Using the parameters in Table 3.3, it was possible to correctly
track 5 objects, unlike the 6 that were tracked in Afshar et al. (2020). Furthermore,
at approximately 72s, a minimal interference occurs between two bodies, resulting in
a subtle exchange of events between them. This demonstrates the level of difficulty
in automating this tracking process.

It was observed that this method relies on a relatively large set of parameters,
shown in Tables 3.2 and 3.3, that must be carefully tuned according to the specific
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Table 3.3: Tracking Parameters selected to process the Afshar et al. (2020) recording.

Parameters Values Name

M4 150 Activation Potential

0% 100 s~1 Decay Constant for the Membrane Potential
dmax 70 pixel Threshold Acceptable Distance

v 0.1 pixel/deg Scaling Factor

K 15 Length of Fixed Rolling Window

Atirack 1258 Code Processing Time

application scenario. The processing time reported in these tables refers to the
processor of the table 3.1. While this level of configurability provides flexibility
and can lead to strong performance when properly optimized, it also introduces a
significant dependency on prior calibration and expert knowledge.

In practice, the need for parameter tuning may limit the method’s adaptability in
environments where operating conditions are not fully known in advance or may vary
over time. For example, changes in target velocity, distance, illumination conditions,
or sensor noise characteristics can alter the statistical properties of the event stream,
thereby requiring adjustments to multiple parameters to maintain stable performance.
This sensitivity can complicate deployment in real-world systems, particularly in
autonomous platforms where continuous manual reconfiguration is not possible.
Moreover, parameter inter-dependencies may further increase the complexity of the
tuning process. Adjusting one parameter often affects the optimal setting of others,
creating a multidimensional optimization problem that can be computationally
expensive and time-consuming to solve. In scenarios involving resource-constrained
hardware, such as on-board spacecraft systems for SSA or collision avoidance, this
additional complexity may represent a non-negligible drawback.

These considerations do not diminish the effectiveness of the approach itself, but
they highlight the importance of designing tracking frameworks that either reduce
the number of critical parameters or make them less sensitive to environmental
variations. In this context, as it will be shown in subsections 4.3.1 and 4.3.2, our
work emphasizes a more structured and informative pre-processing stage, with the
aim of stabilizing the event representation early in the pipeline. By providing a
cleaner and more consistent input to the tracking module, the overall system can
potentially operate with fewer application-specific adjustments, thereby improving
robustness, scalability, and ease of deployment across different operational scenarios.

Table 3.4: Evolution of the total number of events of Afshar et al. (2020) recording
through the event-based processing pipeline.

Raw Events Post-Detection Post-Tracking
2 136 083 45 710 45 081
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Algorithm 1 Event-Based Detector 4+ Tracker
]T

Require: Raw event stream e; = [z;, yi, pi, i
Ensure: Tracker event stream gy = [z, y1, i, 01, 01, 1]
1: 70
2: 1+ 0
3: for each incoming raw event e; do

4: Update exp. decaying time surface S;
5: Select ROI; C S;
6: if ROI; passes surface activation test then
7 A; < LUT - vec (ROIZ)
8: if max (A;) > ¥ then
9: Ai =[A;((N/2+1): N,A;(1: N/2)]
10: U; = [max (A;) + min (A;)]/2
11: [ < {n} s.t. Aj(n) > U,
12: I, « {n} s.t. Az(n) > U,
13: g =1/G Y Ti(h)
14: Gi =1/G 5 Ti(h)
15: m; = argmax,,A;(n)
16: m; = argmax,, A;(n)
17: if min(|m; — g, |/ — ¢|) < ¢ then
18: j—j5+1
19: 9j — q;
20: fj — [xi,yi,pi,Oj,ti]T
21: for every object o s.t. M,go) >0 do
22: Compute predicted hypothesis H ,S,D)
23: end for
24: if 30 s.t. d,(c") < dpas then
25: n < argminmd,(cm) s.t. d;,m) < dmaz
26: MM MM 1
27: Update hypothesis H ’gn)
28: l+1+1
29: g [:v,(cn), y,(en),p,({n), Hl(gn),n,tlin)]T
30: end if
31: for every object o s.t. M,go) >0 do
32: Update M,EO)
33: end for
34: end if
35: end if

36: end if
37: end for




Chapter 4

Laboratory tests

4.1 Testbed Configuration

The experimental data acquisition was carried out using a preliminary laboratory
setup specifically designed for recordings with an event-based camera. The hardware
and software components are summarized below:

e Vision System:
— Camera: IDS uEye XCP-E, equipped with a Sony Prophesee IMX636
event-based sensor (1/2.5” format)!

— Lens: Kowa 16-mm lens with a fast aperture of F/1.4 (manual focus fixed
at 16 mm)?

— Software: Data acquisition and sensor management were performed using
the Prophesee Metavision Studio software suite?

o Mechanical Support (Thorlabs Infrastructure):

— Two MB1590/M optical breadboards arranged in a T-configuration*
— MB1560/M optical breadboard®
— Two posts and two postholders

— AP90RL/M right-angle bracket and a custom 3D-printed mounting plate
for stable alignment between the sensor and the optical axis

"https://en.ids-imaging.com/store/ue-39b0xcp-e.html
2https://www.soltecstore.com/visione/254532-LENS-KOWA-04M-23-16 MM.html
3https://docs.prophesee.ai/stable/metavision-studio/
*https://www.thorlabs.com /item /MB1590-M
https://www.thorlabs.com /item /MB1560-M
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e Visual Stimulus and Control:

— Monitor: HannsG HP227 (1920 x 1080 resolution, 8-bit depth) operating
at a fixed refresh rate of 59.94 Hz

— Connectivity: USB 3.0 interface for camera power and data transfer;
HDMI connection for the stimulus display

From the optics—sensor coupling, some key optical parameters were derived. The
resulting horizontal FOV is 42.49°, while the vertical FOV is 24.67°. The system’s
pixel scale is 2 arcmin/pixel, where one arcminute corresponds to 1/60 of a degree.
This relatively large pixel scale implies a limited spatial resolution for fine details;
however, the wide field of view allows for the observation of a substantial portion of
the scene. This trade-off is particularly advantageous in sky observation scenarios,
where covering a large area increases the likelihood of capturing the target of interest.
The whole testbed is shown in Figure 4.1.

4.2 Optical Stimulus

The experiment was designed to simulate a simplified space observation scenario,
in which a point-like object undergoes uniform rectilinear motion against a dark
background. For simplicity, the presence of stars, secondary objects crossing the
FOV, and other light sources such as the Sun, the Earth, and the Moon were omitted.
This represents a further development that will be considered in future work. The
synthetic scene was generated and projected onto the monitor described in the
previous section, which acted as a fully controllable and repeatable visual stimulus.
This experimental configuration enabled precise control over the object’s motion,
while ensuring a repeatability across multiple acquisition runs.

The projected object moved at constant velocity along a straight trajectory, emulat-
ing the apparent motion of a distant object observed in a space environment, such
as a satellite or space debris traversing the FOV of an optical sensor. The use of a
point-like target allowed the experiment to simulate the appearance of an RSO as
seen from the distance and to focus on motion-induced event generation, avoiding
additional complexities related to object shape or texture.

The monitor displaying the synthetic scene was continuously observed by the event-
based camera, which recorded the resulting asynchronous stream of events generated
by temporal changes in pixel intensity. As the object moved across the display, events
were primarily triggered at the object’s leading and trailing edges, where intensity
changes occurred, closely resembling the behavior expected in real space-based
observations (Cohen et al., 2019).

This experimental setup made it possible to acquire a controlled event stream repre-
sentative of an ideal motion scenario, which could then be processed and analyzed
using the developed feature detection and tracking algorithms.
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MB 1590/M
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Figure 4.1: Top (a), Front (b) and Side (c) view of the testbed.
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4.3 Results

4.3.1 Default Bias Settings

Initially, the IMX636 sensor was configured using the default bias current settings.
As shown in Figure 4.2(a), the 3D XYT representation of the raw event stream
clearly reveals a dense background activity, particularly in the OFF polarity channel.
The histogram in Figure 4.2(b) quantitatively confirms this imbalance, with a marked
predominance of OFF events. This behavior is consistent with the expected effect of
overly sensitive bias settings, in particular, too low contrast thresholds, which tend
to amplify noise contributions.

XYT plot

5, * ONEvents
.., | © OFF Events

3(108 Event Distribution Percentage

251 99.7%

Number of Events
N
(%]

0.3%

ON OFF

(b)

Figure 4.2: (a) 3D XYT event stream (ON and OFF polarities) captured with
default bias settings; (b) percentage distribution of ON and OFF events.

The impact of this excessive sensitivity becomes even more evident when analyzing
the exponentially decaying time surface in Figure 4.3. While the trajectory of
the moving point is still recognizable, a substantial residual background is visible,
especially in the OFF stream surface. The presence of widespread spurious activations
suggests that, without adequate filtering, the subsequent processing stages would be
overwhelmed by irrelevant data.

This huge amount of data did not prevent the feature detection algorithm from
effectively filtering the recorded events. Starting from a total of 242 336 544 raw
events, the algorithm successfully reduced the data to 8 732 ON events and 6 315
OFF events, as shown in Table 4.4, and the point’s trail is correctly visible as shown
in figure 4.3.

Table 4.1: Processor 2 Characteristics.

Name Base frequency

12th Gen Intel(R) Core(TM) i7-12700H 2.30 GHz

The parameters adopted for this stage are reported in Table 4.2. In particular,
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Figure 4.3: Exponentially Decaying Time Surface at ¢ = 24s and default bias
currents. The white circles are centered around the last event at the selected time.
Notably, a significant background residual noise is evident, specifically affecting the
OFF stream surface, where spurious activations appear more pronounced.
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Figure 4.4: Regions of Interest (Default Bias Settings).
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the asymmetric choice of Lon and Lopp reflects the need to compensate for the
higher noise level in the OFF channel, as previously observed in Figures 4.2 and 4.3.

Table 4.2: Feature Detection Parameters used for the recording with default bias
settings.

Parameter Value Description

T 0.4s Decay Constant of the Time Surface

Lon 20 Number of active ROI pixels for ON events
LoFr 100 Number of active ROI pixels for OFF events
10) 0.1s Decay Constant of Surface Activation Test

0 20° Tolerance of Angular Distance

Werat 7 Static Threshold

At feat 10min Code Processing Time

The temporal evolution of the post-detection events is illustrated in Figure 4.5.
The panels clearly show a coherent progression of the x and y coordinates, consistent
with the uniform linear motion of the projected object. The orientation estimates
also remain stable over time, indicating that the feature detection stage preserves
the geometric consistency of the streak despite the strong initial noise.

(a)

()

. | | | | | J
0 5 10 15 20 25 30
Time (s)

ONevenls @ OFF everls

Figure 4.5: The panels show the x and y positions and orientation of the detection
events over the time interval corresponding to the single streak produced by the
object in uniform linear motion with the default configuration of the bias currents.

A further confirmation of the filtering effectiveness is provided by the post-
detection XYT visualization in Figure 4.6. Compared to the raw event map in
Figure 4.2(a), the refined stream appears significantly cleaner, with most of the
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background noise removed and the object’s trajectory clearly isolated.

Post-detection XYT plot
ON Events OFF Events
25 25
20 20
« 15 £ 15
10 10
5 5

1000 1000
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Figure 4.6: XYT visualization of the refined event stream (ON/OFF) post-feature
detection, illustrating the reduction in noise events compared to raw data.

Table 4.3: Tracking Parameters of the recording with default bias settings.

Parameter Value Description

My 150 Activation Potential

¥ 100 s~ 1 Decay Constant for the Membrane Potential
dmaz 70 pixel Threshold Acceptable Distance

1% 0.1 pixel/deg Scaling Factor

K 15 Length of Fixed Rolling Window

Atyrack 13 min Code Processing Time

The tracking results, displayed in Figure 4.7, demonstrate that the system is able
to maintain a stable track of the single object present in the scene. The tracking
parameters used for this configuration are listed in Table 4.3. These values were
selected to ensure stability in the presence of the high residual noise level observed
with default bias settings.

Finally, Table 4.4 summarizes the overall reduction in the number of events
across the entire pipeline. From the initial 242 336 544 raw events, only 14 928
events remain after the complete tracking stage. This result highlights the strong
selection capability of the proposed approach: even under suboptimal sensor bias
conditions, the system is able to drastically reduce the data volume while preserving
the essential information required for reliable tracking.
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Table 4.4: Evolution of the total number of events thorugh the event-based processing
pipeline in the recording with default bias settings.

Raw Events Post-Detection Post-Tracking
242 336 544 15 047 14 928

Post-Tracking Event Stream
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Figure 4.7: In (a) it can be seen the number of tracking events associated with the
only object present on the scene. The panels (b), (¢) and (d) show the x and y
positions and orientation of the detection events over the time interval corresponding
to the single streak produced by the object in uniform linear motion.
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4.3.2 Bias Tuning

Despite the results in Subsection 4.3.1, in a subsequent phase of the work the IMX636
sensor was configured using a specific set of bias currents, which directly affect the
sensor’s performance, including sensitivity, temporal response, and noise charac-
teristics, viewable in Table 4.5. The values provided are dimensionless quantities,
as they are normalized according to the standard output of the Metavision Studio
graphical interface. By adjusting the bias currents by hand, it was possible to
significantly reduce background noise and spurious events, yielding a cleaner and
more informative event stream prior to the application of feature detection and
tracking algorithms. This highlights the role of sensor-level parameter tuning in
event-based vision systems, where the quality of the raw asynchronous data has a
direct impact on the effectiveness of subsequent processing stages. In addition, in
Figure 4.8, ‘jumps’ and ‘dumps’ in event time profiles are still present, most notably
during the bias tuning test. These event stream ‘jumps’ and ‘dumps’ occur when
multiple events are erroneously assigned simultaneous time-stamps often at periodic
intervals, causing the ‘staircase effect’. The time profile takes on a stepped shape
because many events share the same time value (the horizontal "step" or dump),
followed by a sudden jump to the next timestamp when the buffer empties. The
frequency of these fluctuations is significantly reduced compared to the dataset by
Afshar et al. (2020).

Event time profiles for the two different recordings

Test 2
Test 1

event timestamp (us)

sl L T L sl L 1l L el L 1l PR 1

10° 10° 107 10 10°

event index

Figure 4.8: Event time profiles for the two different recordings as a function of
their index. Test 1 indicates the recording with default bias settings, while Test 2
indicates the recording with bias tuning.

The impact of bias tuning becomes immediately evident when analyzing the 3D
XYT event distribution shown in Figure 4.9. Compared to the previous configuration,
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Table 4.5: Specific bias set that allowed to significantly reduce the noise.

Bias name Value Description

bias_diff 0 Common reference level for ON/OFF thresholds.

bias_diff_off 60 Adjusts the sensitivity for OFF events (brightness
decrease). Higher values reduce sensitivity to shadows.

bias_diff_on 0 Adjusts the sensitivity for ON events (brightness in-
crease). Lower values make the camera more sensitive.

bias_fo 0 Low-pass filter (First Order). Controls the bandwidth
of the pixel; higher values filter out high-frequency
noise.

bias_hpf 50 High-pass filter. Helps eliminate very slow light

changes and continuous background noise.

bias_refr 0 Refractory period. Minimum time between two con-
secutive events for the same pixel.

the event cloud is significantly more compact and concentrated along the object
trajectory. This qualitative observation is reinforced by the ON and OFF events
percentage distribution in Figure 4.9b, where a more balanced polarity ratio can be
observed, indicating improved control over spurious OFF activations.

Further confirmation is provided by the exponentially decaying time surface
illustrated in Figure 4.10. In this case, the background appears substantially cleaner,
and the streak generated by the moving object is sharply defined. The reduction
in residual activity prior to any algorithmic filtering highlights the effectiveness of
acting directly at the sensor level. In practical terms, this means that the subsequent
processing stages receive a higher SNR input, simplifying their task.

The feature detection parameters adopted for the tuned configuration are sum-
marized in Table 4.7. Owing to the cleaner input stream, it was possible to employ
a single threshold L for both polarities, unlike in the default case where asymmetric
thresholds were necessary. Additionally, the processing time Atge,t was reduced to 8
seconds, demonstrating the computational advantage of lowering the raw event rate
at the source.

The resulting detections are presented in Figure 4.12. The temporal evolution of
the x and y coordinates follows a nearly linear trend, consistent with the imposed
uniform motion. The orientation estimates remain generally stable, and no signifi-
cant outliers are visible. While the majority of events are concentrated around the
predefined target angle (approximately 90°), which represents the chosen direction
of the moving point-like object, a high degree of variability persists. Furthermore,
a noticeable distribution of features appears slightly shifted above this expected
orientation. This effect is probably due to the fact that the half-bar templates used
to generate the LUT matrix, which is essential for calculating the value of 6;, have
remained unchanged from those described in section 3.3. Although this effect does
not compromise the overall tracking performance, it deserves further investigation in
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Figure 4.9: (a) 3D XYT event stream (ON and OFF polarities) captured with
default bias settings; (b) percentage distribution of ON and OFF events.
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Figure 4.10: Exponentially Decaying Time Surface with the new set of bias currents
reducing background activity at ¢ = 31.2s.
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Figure 4.11: Regions of Interest ROI (Bias Tuning).

future work. Overall, the results confirm that the improved pre-processing conditions
translate into more regular and reliable feature extraction. Above the whole number
of 61 086 events, the strong selection led to remain with 7 138 ON events and 5 327
OFF events.

It is worth noting that the output of the feature detection in the tuned configuration
and in the default case are practically identical. This demonstrates the robustness
of the algorithm, as it is able to produce consistent feature estimates even when the
input event rate and pre-processing conditions vary significantly.

Table 4.6: Feature Detection Parameters of the recording with bias tuning.

Parameter Value Description

T 0.4s Decay Constant of the Time Surface

L 10 Number of active ROI pixels

0] 0.1s Decay Constant of Surface Activation Test
1) 20° Tolerance of Angular Distance

Wotat 7 Static Threshold

At e 8s Code Processing Time

The post-detection XYT visualization in Figure 4.13 further emphasizes the
clarity of the refined event stream.

Tracking performance under the tuned configuration is illustrated in Figure 4.14.
The detection counter confirms the presence of a single, consistently identified ob-
ject. The estimated position and orientation evolve smoothly over time, without
interruptions or spurious track initiations. The tracking parameters used for this
stage are listed in Table 4.7, and notably, the processing time Atg.qcr is reduced
to 8 seconds, further demonstrating the computational efficiency gained through
bias tuning. Finally, Table 4.8 summarizes the numerical evolution of the dataset
across the processing pipeline. Starting from only 61 086 raw events, more than
three orders of magnitude fewer than in the default configuration, the system retains
12 346 events after tracking. This indicates that the filter does not significantly
reduce the event throughput post-feature detection, functioning primarily as a tool
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Figure 4.12: The panels show the x and y positions and orientation of the detection
events over the time interval corresponding to the single streak produced by the
object in uniform linear motion with the new set of bias currents reducing bias
activity.
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Figure 4.13: XYT visualization of the refined event stream (ON/OFF) post-feature
detection, illustrating the reduction in noise events compared to raw data.

to distinguish between different objects rather than a selective event filter.

Table 4.7: Tracking Parameters of the recording with bias tuning.

Parameters Values Name

My 150 Activation Potential

~ 100s! Decay Constant for the Membrane Potential
dmaz 70 pixel Threshold Acceptable Distance

14 0.1 pixel/deg Scaling Factor

K 15 Length of Fixed Rolling Window

Atrack 8s Code Processing Time

Although manual bias tuning proved effective in improving pre-processing quality,
it represents a time-consuming approach. An important direction for future work
consists in developing automatic bias optimization strategies, capable of adapting
the sensor configuration to the observed scene dynamics and illumination conditions
without human intervention. Such an approach could further enhance the robustness
and autonomy of event-based vision systems in real-world and spaceborne applica-
tions.
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Figure 4.14: In (a) it can be seen the detection number of the only object present on
the scene. The panels (b), (c¢) and (d) show the x and y positions and orientation
of the detection events over the time interval corresponding to the single streak
produced by the object in uniform linear motion with the new set of bias currents.

Table 4.8: Evolution of the total number of events through the event-based processing
pipeline, regarding the recording with bias tuning.

Raw Events

Post-Detection Post-Tracking

61 086

12 465 12 346
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Conclusions

This work presented the development of an event-based visual tracking system,
addressing both the algorithmic design and experimental setup. The results demon-
strate that pre-processing stage plays a key role in transforming raw event streams
into a more structured and readily usable representation. This significantly improves
the robustness and reliability of the overall tracking pipeline, while also reducing
the complexity required in the subsequent processing stages.

Having a more refined and informative output already at the pre-processing level
opens up interesting directions for future research. In particular, this suggests
the possibility of focusing on less computationally demanding tracking algorithms
without compromising tracking performance. This approach is especially promising
for real-time applications and deployment on resource-constrained systems, such
as on-board spacecraft for autonomous collision avoidance, where computational
efficiency is a critical requirement and where event-based sensors are increasingly
considered as enabling technologies.

An additional consideration emerging from this study concerns the method proposed
by Afshar et al. (2020). Although the application of their framework demonstrates
competitive performance, it relies on a set of parameters that must be carefully
tuned depending on the specific application scenario. Indeed, in our laboratory
tests, many parameters of the algorithm have been changed compared to those
used for the Afshar et al. (2020) work. This aspect may limit its adaptability and
scalability, especially in operational contexts where prior knowledge of the environ-
ment is limited or where conditions can change dynamically. Future work could
include a systematic sensitivity analysis of this approach, with the goal of identifying
parameter configurations that generalize more effectively across different motion
regimes and sensing conditions.

From an experimental standpoint, the current validation scenario was intentionally
simplified: the projected object moved at constant velocity along a straight trajectory,
emulating the apparent motion of a distant object observed in a space environment,
such as a satellite or space debris traversing the field of view of an optical sensor.
The use of a point-like target allowed the experiment to simulate the appearance of
an RSO as seen from large distances and to focus primarily on motion-induced event
generation, avoiding additional complexities related to object shape, size variation,
rotation, or texture.

Although this choice was appropriate for isolating and analyzing the core behavior of
the tracking pipeline, it also highlights an important direction for future research. A
natural extension of the present work would be to progressively increase the level of
difficulty in the simulations and experimental setups. For example, future scenarios
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could include non-uniform motion profiles (with accelerated or maneuvering targets),
curved trajectories, varying apparent velocities, or multiple objects simultaneously
present in the scene. Furthermore, introducing extended targets with realistic shapes,
tumbling dynamics, or partial occlusions would provide a more comprehensive as-
sessment of the system’s robustness under conditions that more closely resemble real
on-orbit operations.

In conclusion, the presented work demonstrates that investing effort in a well-
designed event stream pre-processing stage can substantially simplify the overall
tracking architecture while maintaining performance. Future developments aimed at
expanding the range of simulated conditions and at analyzing parameter robustness
will further consolidate the applicability of this approach in real-world scenarios,
particularly in space-based autonomous systems.



Appendix

This appendix provides an example of a visual representation of the raw event stream
captured during the experimental phase. Figure 4.15 displays a self-portrait (subject
visualization) acquired using the Prophesee Metavision Studio software.

Figure 4.15: Visualization of raw event data (accumulation window) processed via
Metavision Studio.

The visualization was generated by accumulating events within a temporal
window of 85 ms. This integration time was selected to balance the density of the
event cloud with the preservation of structural edges, effectively demonstrating the
camera’s ability to map high-contrast features in the scene through asynchronous
pixel activation. The image was captured after the application of the bias parameters
tuning phase discussed in subsection 4.3.2.
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