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RESUME

La précision d'un robot mobile dans la perception de son environnement est étroitement liée
a la méthode utilisée pour mesurer les distances relatives. Il est crucial d'utiliser un dispositif
de mesure 3D rapide et robuste si un robot en mouvement rapide utilise ces données pour
créer une carte de la zone tout en se localisant simultanément (SLAM

Parmi les méthodes de reconstruction environnementale 3D de pointe, les approches basées
sur la vision ont été largement développées. Les caméras RGB et RGB-D sont peu co(teuses
et couramment utilisées en robotiqgue. Cependant, elles présentent des limitations inhérentes

. elles nécessitent un bon éclairage, sou rent de ou de mouvement, ont une plage dynamique
relativement faible (pouvant entrainer une saturation en cas de changements de conditions
d'éclairage) et peuvent nécessiter une large bande passante en fonction de la résolution et de
la fréquence d'image.

Pour pallier ces limitations, des capteurs tels que le Light Detection And Ranging (LIiDAR)

et les caméras événementielles ont été introduits. Les dispositifs LIDAR émettent un rayon-
nement laser sur la scéne et capturent les signaux ré échis pour obtenir une représentation
3D de l'environnement, déterminant ainsi les distances des points en 3D. Malgré leur grande
précision, les LIDAR ne capturent pas de données couleur et ne peuvent pas ajuster dy-
namiquement le compromis entre détail, précision et vitesse. Leur faible densité de sortie
limite la capacité a obtenir des données plus denses sans augmenter le temps de mesure.

Les caméras événementielles (ECs) sont des capteurs bio-inspirés qui détectent les mouve-
ments rapides et les changements de luminosité de maniére asynchrone, similaire a I'+il
humain. Bien que les ECs ne capturent pas d'images complétes, elles peuvent détecter le
mouvement beaucoup plus rapidement que les capteurs RGB standard, ce qui les rend pré-
cieuses pour les projets nécessitant une détection rapide des mouvements. En raison de leurs
avantages, les ECs sont particulierement utiles pour les mesures rapides de profondeur 3D.
Cependant, elles ne fournissent pas de données dans des situations statiques.

L'objectif est d'introduire une méthode capable de générer des nuages de points colorés avec
des compromis variables de vitesse et de résolution pour créer des cartes de profondeur dans
des environnements di ciles (dynamiques et faiblement éclairés), méme lorsque la caméra
(ou I'objet cible) est stationnaire.

Cette recherche présente une méthode utilisant une caméra événementielle et un projecteur

!Simultaneous Localization And Mapping
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Digital Light Processing (DLP) pour capturer des événements dans lI'espace 3D. Le projecteur
DLP projette des motifs de lumiére structurée sur la scéne, variant en type, fréquence et
couleur/longueur d'onde. La caméra événementielle capture les ré exions de ces motifs,
permettant la création de nuages de points 3D basés sur la triangulation. Cette con guration
permet également de capturer la couleur de la sceéne simultanément, produisant un nuage de
points coloré. Le commutation dynamique des motifs projetés permet de contréler la bande
passante. Le systéme béné cie de I'utilisation d'une caméra monochrome haute résolution et
peut incorporer des données couleur au besoin.

En utilisant cette con guration, nous avons atteint des vitesses de balayage couleur jusqu'a
1,4 kHz et des balayages de profondeur basés sur les pixels jusqu'a 4 kHz, résultant en un ux
d'événements marqués avec couleur et profondeur, ainsi que des images et une sortie de nuage
de points coloré. Cette méthode est applicable dans diverses conditions environnementales,
gu'elles soient statiques ou dynamiques. Elle o re des mesures 3D haute résolution compara-
bles aux LIDAR (dans la plage du millimetre), avec des vitesses de mesure plus rapides (cap-
turant des événements en microsecondes) et inclut de maniére cruciale des données couleur.
Elle o re également un contrdle sur les compromis de résolution et de vitesse d'acquisition.
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ABSTRACT

The accuracy of a mobile robot in perceiving its surroundings is closely related to the method

used for measuring relative distances in the environment. It is crucial to use a fast and

reliable 3D measurement device when a fast-moving robot relies on this data for Simultaneous
Localization and Mapping (SLAM).

Among state-of-the-art 3D environmental reconstruction methods, vision-based approaches
have been highly developed. RGB and RGB-D cameras are inexpensive and commonly used
in robotics. However, they have inherent limitations: they require good illumination, su er
from motion blur, have a relatively low dynamic range (leading to saturation under changing
lighting conditions), and can demand high bandwidth depending on resolution and frame
rate.

To address these limitations, sensors such as Light Detection And Ranging (LIDAR) and
event-based cameras have been introduced. LiDAR devices emit laser light onto the scene and
capture the re ected signals to obtain a 3D representation of the environment, determining
distances to 3D points. Despite their high accuracy, LIDARs do not capture color data and
cannot dynamically adjust the trade-o between detail, accuracy, and speed. Their sparse
output limits the ability to obtain denser data without increasing measurement time.

Event-based cameras (ECs) are bio-inspired sensors that detect rapid movements and changes
in brightness asynchronously, similar to the human eye. Although ECs do not capture full im-
ages, they can detect motion much faster than standard RGB sensors, making them valuable
for projects requiring fast movement detection. Due to their advantages, ECs are particu-
larly useful for fast 3D depth measurements. However, they do not provide data in static
situations.

The goal is to introduce a method capable of generating colored point clouds with variable
speed/resolution trade-o s for creating depth maps of challenging environments (dynamic
and low-light), even when the camera (or target object) is stationary.

This research introduces a method using an EC and a Digital Light Processing (DLP) pro-
jector to capture events in 3D space. The DLP projector projects Structured Light (SL)
patterns onto the scene, varying in type, frequency, and light color/wavelength. The EC
captures re ections of these patterns, enabling triangulation-based 3D point cloud creation.
This setup also allows for capturing the color of the scene simultaneously, producing a col-
orful point cloud. Dynamic switching of projected patterns enables bandwidth control. The
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system bene ts from using a high-resolution monochrome camera and can incorporate color
data as needed.

Using this setup, we achieved color scanning speeds up to 1.4 kHz and pixel-based depth
scanning up to 4 kHz, resulting in a stream of events stamped with color and depth, along
with frames and a colorful point cloud output. This method is applicable across various envi-
ronmental conditions, whether static or dynamic. It o ers high-resolution 3D measurements
comparable to LIDAR (in the millimeter range), with faster measurement speeds (capturing
events in microseconds), and crucially includes color data. It also provides control over the
resolution and acquisition speed trade-o0 s.
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CHAPTER 1 INTRODUCTION

1.1 Context and Motivation

One of the main challenges for mobile robots is localizing and understanding their surround-
ings. Various vision-based localization methods existed with respect to the scene con gura-
tion, measurement device, and types of captured elements [3,4]. Localization can be described
as identifying the pose (position and orientation) of the robot relative to the initial/world
coordinate system, if there is any prede ned coordinate system. It also involves detecting
the location of other objects or features relative to the initial coordinate, or determining the
robot's pose in reference to an object and vice versa. A 3D map represents the locations of
objects within an area.

In an unknown environment without a prede ned map, various methods have been developed
to create a 3D map, including visual Simultaneous Localization and Mapping (SLAM) and
Structure from Motion (SfM) [5]. SLAM is the process of detecting, recording, and recovering
the geometrical structures of a scene in an active or passive manner [6]. To create a 3D map
of an environment or expand a pre-loaded one, the mobile robot rst needs to perform 3D
measurements of its surroundings. In other words, the initial step in creating a 3D map is
conducting 3D measurements [6].

3D measurement is vital for many visual applications where positioning information of all
objects in a 3D scene is crucial for localizing and navigating the robot among them. Figure 1.1
shows the yearly distributions of the number of publications related to the "3D reconstruction
of indoor environments", clearly indicating the growing importance of the 3D reconstruction
topic.

Cameras are commonly used to observe the environment and calculate the relative locations
of objects or features within their eld of view. However, passive cameras typically capture
frames in a 2D plane. These 2D outputs can be used to determine the relative locations of
known objects by applying camera transformation matrices. However, for unknown objects,
additional information is required to accurately determine their relative locations. Since the
size of the object is unknown, it is not possible to nd the depth using only the camera
projection matrix [7].

LiDAR is an active device used for 3D measurement and generating a point cloud of the
environment. It operates by projecting laser light beams onto the scene and detecting the
re ections. Distances are calculated using di erences in beam return times and wavelengths.
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Figure 1.1 The yearly distributions of the number of published papers related to the 3D
reconstruction on indoor environments based on the Google Scholar.

LiDARs are valued for their high accuracy and resolution, although they are generally more
expensive than cameras and do not capture color information. Additionally, their output
tends to be more sparse compared to active cameras.

RGB-D cameras are active devices that provide depth information for each pixel alongside
color. Unlike LiDARs, which measure distances point-to-point, RGB-D cameras measure
distances for multiple points simultaneously by emitting modulated light onto the scene and
measuring the wavelengths and travel time of the re ected light beams [8]. However, they are
considered low-speed devices with response times typically in the order of tens of milliseconds.

Stereo vision , akin to human vision, utilizes two cameras simultaneously for 3D perception.
The use of two cameras not only increases energy consumption but also necessitates a more
powerful processor to analyze two frames concurrently for stereo matching and nding dispar-
ities, thereby further contributing to higher energy consumption. However, utilizing standard
cameras in a stereo setup is hindered by their low speed and limited dynamic range (around
60 dB), which can cause saturation in challenging lighting conditions, thereby negatively

a ecting their functionality. Moreover, achieving fast 3D reconstruction of the environment
can be challenging in textureless regions, where accurate stereo matching is necessary to
correctly identify corresponding points between the two camera planes [9]. Although there
are methods for monocular 3D vision [10, 11], they typically acquire additional information

by accumulating frames or estimating depth through learning.

Structured Light (SL)  scanning systems have been widely used in various applications to
acquire more data from a scene using a single camera [12 14]. In this method, a projector
emits a known pattern onto one or more objects, and a camera captures these patterns to



measure the relative deformation of the structured light on the target object. This informa-
tion is then used to construct a 3D model of the objects. However, similar to normal cameras,
SL systems still face challenges related to speed and dynamic range.

Event-based cameras (ECs) , known by various names such as Dynamic Vision Sen-
sors (DVS) [15], Motion Contrast Sensors [16], Asynchronous Time-based Image Sensors
(ATIS) [17], or Asynchronous Transient Vision Sensors [18], are bio-inspired or neuromor-
phic sensors renowned for their high dynamic range [19, 20].

ECs capture asynchronous measurements of brightness changes in each individual pixel. As
mentioned earlier, a single 2D camera does not capture su cient information from the envi-
ronment to detect depth in a single shot. Like conventional cameras, there are methods to
obtain depth information using only one EC [21 24]. However, these methods are typically
learning-based or require movement to gather enough information to create a dense 3D point
cloud. Table 1.1 is a general comparison of methods across di erent criteria.

1.2 Problem statement

This research project aims to provide a solution to relieve multiple problems and answer
various guestions in vision-based 3D perception, including but not limited to the following:

RQ1: How to achieve 3D reconstruction of an environment faster than Time-of-Flight
cameras, with adjustable power consumption?

RQ2: How to enable 3D reconstruction for (a) ECs in static situations, and (b) SL-
aided methods in dynamic situations?

RQ3: How to obtain a 3D reconstruction of an environmenfaster, lighter!, and more
accuratethan stereo cameras? Stereo cameras commonly face issues such as blurring in
fast movement, saturation in high illumination, blindness in darkness, and inaccuracies

in untextured regions.

RQ4: How to achieve a 3D reconstruction of an environmenfaster for detecting
dynamic objects andcontrollableto switch between dense and sparse modes, balancing
the bandwidth of the system, compared to Structured Light-based methods? Low
sensor bandwidth and sensitivity tospecular materialslimit the performance of SL
methods.

Lighter in terms of processing/computing and subsequently power consumption
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1 Shorter range than LiDAR

2 Lower resolution than LiDAR

3 Not available in Monocular

4 Must capture one frame without SL

5 Higher range than ToF

6 Texture could aid in detecting more events

’ Could detect more high speed movements than the other methods

1.3 Research Objectives

The aim of this project is to introduce a new adaptive method for generating a 3D reconstruc-
tion of challenging environments suitable for mobile robots. The created 3D colorful point
cloud could be utilized for localization and mapping purposes. Color information provides
additional data that can enhance tasks like segmentation and recognition. This extra data
can also be valuable for loop closure detection in SLAM, improving the system's ability to
recognize previously visited locations and enhance mapping accuracy. This new vision-based
approach is crucial for a mobile robot when fast and e cient localization and mapping are
required in challenging situations. Additionally, the project aims to achieve 3D reconstruc-
tion of scenes for mobile robots with adjustable speed and energy consumption. The main



objective is explained through various aspects as follows:

1.3.1 Spatial resolution: (RQ1)

Visual-based 3D scanning systems always face a trade-o between point cloud resolution
and scanning speed. Time-of-Flight (ToF) cameras excel in quickly providing depth infor-
mation but have limitations in fast RGB detection [25]. This research aims to obtain 3D
reconstructions with adjustable resolution, allowing us to capture high-resolution colored 3D
point clouds of environments (in the order of millimeters, akin to 3D laser/ToF scanners but
with color data), as well as high-speed 3D scanning (in the order of milliseconds using more
sparse patterns).

1.3.2 Mobility limitation: (RQ2)

A 3D scanner sensor mounted on a mobile robot needs to operate e ectively at varying
velocities. Event-based cameras (ECs) remain inactive in static situations, while structured
light (SL) scanners are sensitive to motion. A method that can adjust the SL pattern
and camera bias dynamically, enabling e cient 3D scanning in both static and dynamic
environments.

1.3.3 Texture dependency: (RQ3)

Stereo vision systems typically depend on surface textures during the feature/stereo matching
process. Feature points are utilized to establish correlations between two camera planes and
subsequently compute the depth of these points in the scene. Generally, the depth accuracy
of a stereo camera system diminishes on untextured surfaces [3]. One primary objective of
this research is to achieve 3D capture regardless of surface texture.

1.3.4 Acquisition speed: (RQ3 and RQ4)

Vision-based scanning systems often face a trade-o between acquisition speed, resolution,
and luminous e cacy [16]. The scanning speed is generally related to the capture method,
sensor bandwidth, and initial data analysis speed. This project aims to surpass current state-
of-the-art methods in speed, allowing for the capture of more points to generate a colored
3D point cloud. It also aims to introduce a method that can adjust the speed to gather more
data when high-speed scanning is not required.



1.3.5 Light-E ciency: (RQ3 and RQ4)

Several methods, such as Gray coding or phase-shifting [26], have been developed to enhance
the bandwidth and speed of SL-based scanning. However, these techniques are constrained by
the power output of the light source. Moreover, standard cameras, which have low dynamic
range, face challenges when scanning environments with highly specular materials. While
there are approaches to mitigate these challenges using cameras, they inherently operate at a
slower pace [27 29]. This research aims to introduce a method capable of handling changes in
lighting and operating in dark environments using a high dynamic range sensor. The system

is aimed to operate in real-time and includes color detection.

1.3.6 Power consumption: (RQ1, RQ3 and RQ4)

The power consumption of onboard sensors is crucial for mobile robots. Lower power con-
sumption allows them to operate missions for longer periods. This capability enables explo-
ration projects to cover wider areas and reach greater distances. Therefore, higher sensor
power consumption imposes constraints on exploration missions. This project aims to in-
troduce a speci c active 3D reconstruction method that can e ciently manage light source
power during the scanning process and minimize energy consumption.

Experiments and validation

To evaluate the proposed method under static and dynamic conditions, we considered various
setups. Dierent pattern combinations are designed to detect depth and color at various
speeds. The quality of the output is compared to the ground truth and baseline. Comparison
with recent works highlights di erences in scanning methodologies, emphasizing the novel
approach of combining color reconstruction with depth estimation

1.4 Novelty and Impact

The novelty of this research lies in introducing, for the rst time, a method to integrate a
monochrome event-based camera (EC) with a projector to achieve super-fast event-based
color and depth detection. Moreover, the method is not limited to a single pattern; it allows
for pattern adjustment based on the need. This provides the opportunity to control the
trade-o between speed and detailed data while maintaining bandwidth.
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Research contributions

To the best of the authors' knowledge, this thesis presents signi cant novel contributions to
color reconstruction systems and fast, colorful 3D perception for mobile robots, aligning with
our research objectives. The primary contributions of this research, can be summarized as
follows: introducing a novel 3D reconstruction technique for rapid area scanning in challeng-
ing environments; enhancing scanning performance with adaptive structured light patterns,
particularly in motion; demonstrating the reliability of event-based 3D scanning under low-
light conditions compared to traditional camera-projector systems; achieving high-resolution
3D scanning; and developing ultra-fast, real-time color and depth measurements per pixel
adaptable to diverse scene conditions.

The contributions, categorized and presented per respective article, are as follows:

1.

3.

Marjani Bajestani, Seyed Ehsan, and Giovanni Beltrame. Event-based RGB
sensing with structured light. In IEEE/CVF Winter Conference on Applica-
tions of Computer Vision. 2023 (peer-reviewed)

This work contributes an approach to detect full RGB events using a monochrome
EC with a structured light projector. The projector emits rapidly changing RGB pat-
terns, and the EC captures the re ections, allowing for color detection of both static
and moving objects. This technique, utilizing a Tl LightCrafter 4500 projector and a
monochrome Prophese Gen. 3 EC, enables frameless event-based RGB sensing appli-
cations.

Marjani-Bajestani, Seyed-Ehsan, and Giovanni Beltrame. Event-based Vi-
sion for Robot Soccer. In RoboCup International Symposium 2024. (peer-
reviewed)

We created a dataset using event-based cameras from iniVation and Prophesee, record-
ing events in the lab and during Middle Size League matches at RoboCup 2023. Ad-
ditionally, we developed a ROS-compatible Graphical User Interface (GUI) to simplify
camera and camera-projector setup calibration. This GUI allows online control of cam-
era bias parameters and publishes streams of events and event "frames" on ROS topics.
These advancements will help RoboCup teams transition to event-based technologies,
improving ball detection regardless of color or lighting conditions.

Marjani-Bajestani, Seyed-Ehsan, and Giovanni Beltrame. E-RGB-D: Real-
Time Event-Based Perception with Structured Light. Submitted to IEEE



Transactions on Pattern Analysis and Machine Intelligence 2024. (peer-
reviewed)

This approach introduces a dynamic projection pattern to detect both color and depth
for each pixel with ECs. By dynamically adjusting the projection, we can coordinate
the devices when needed, managing the overall bandwidth of the system. These adjust-
ments optimize data acquisition, ensuring accurate and colorful point clouds without
sacri cing spatial resolution. Speci cally, we achieved a color detection speed of 1400
fps and 4 kHz for pixel depth detection, signi cantly advancing event-based 3D recon-
struction methods.

1.6 Thesis structure

The rest of this thesis is structured as follows: Chapter 2 reviews various methods in the eld
of visual 3D perception with a focus on SL scanning and ECs. Chapter 3 is the "Event-Based
RGB Sensing With Structured Light", accepted at the 2023 IEEE/CVF Winter Conference on
Applications of Computer Vision (WACV), which describes the proposed method for detect-
ing color with a monochrome EC. Chapter 4 is the "Event-based Vision for Robot Soccer”,
accepted at the RoboCup International Symposium 2024, which describes the application
of ECs in Robot Soccer to detect fast-moving objects like the ball and includes datasets
and tools. Chapter 5 is the "E-RGB-D: Real-Time Event-Based Perception with Structured
Light", a submitted paper to the IEEE Transactions on Pattern Analysis and Machine Intel-
ligence, which details the 3D reconstruction method and evaluates its outcomes. Chapter 6
contains a general discussion including features and advantages of the proposed method with
technical challenges and their solutions. Finally, Chapter 7 outlines concluding remarks and
future work.



CHAPTER 2 LITERATURE REVIEW

2.1 Monochrome to Color

Color information plays a crucial role in tasks such as segmentation and recognition [30].
Colorization refers to the creation of a color image from a monochrome sensor or grayscale
image while preserving resolution. This method relies on external color data obtained from
an external device [31], user input [32], or a trained neural network that integrates scene-
speci ¢ color information [33,34]. However, this process can be resource-intensive in terms
of time and cost.

Initially, event cameras (ECs) were predominantly monochrome, with color ECs emerging
more recently [35 37]. However, color ECs typically feature lower resolution compared to
monochrome ECs, attributed to constraints such as sensor size limitations and the incorpo-
ration of color Iters [38 40].

In order to preserve resolution while increasing bandwidth threefold, Marcireau et al. [41]
employed dichroic Iters on three ECs. This approach allowed them to merge the outputs
from these ECs, facilitating the acquisition of color information across three separate event
streams.

2.2 Monocular Depth Sensing

One way to detect the depth with monocular camera, is to use active decives. LIDAR scan-
ners and Time-of-Flight (ToF) cameras are both active depth measurement devices. LiDAR
scanners project modulated light beams onto the scene and measure the time it takes for
the re ected beam to return. This method calculates distance based on di erences in light
beam return times and wavelengths. LIDAR systems typically use mechanical components
to perform 3D scanning tasks. In contrast, ToF cameras perform time-of- ight computa-
tions using integrated circuits embedded in standard CMOS (Complementary Metal Oxide
Semiconductor) or CCD (Charge-Coupled Device) technologies [42].

In outdoor settings and environments with strong ambient lighting, LIDARS o er superior
performance and accuracy compared to other depth measurement devices because they are
una ected by ambient light. However, LIDAR systems requires more computational resources
and consume more power than cameras [43]. Additionally, the high cost of 3D LIiDAR
scanners limits their use in many mobile robot projects.
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The point cloud obtained from LiDAR is often very sparse, depending on the number of
scan lines, resulting in many missed pixels compared to denser measurement devices. To
address this issuedepth completionis essential. Generally, neural networks are used for
depth completion in depth map processing research, but it remains an open problem [44,45].

Another drawback of LIDAR depth maps arises when the point cloud is projected onto a 2D

plane, which can lead to challenges in maintaining the accuracy of the data. This mapping
process introduces irregularities in the point cloud, requiring specialized techniques to handle
these inconsistencies e ectively. Additionally, the irregular spacing of points in the cloud can

further complicate data processing and analysis. These limitations, along with the inherent

noise and sparsity of LIDAR data, are considered 'intrinsic artifacts' of the acquisition process,

re ecting the fundamental limitations of the technology itself. [44].

Pulsed light and Time-of-Flight (ToF) cameras dier from LiDAR in that they measure
the distance of many points simultaneously rather than point by point [8]. Accurate time
measurement is challenging, and the methods can be direct (measuring time from pulsed light
or phase from CW operation) or indirect (using derivative methods). Commercial devices
typically calculate distance by scaling the phase with Amplitude Modulated CW [8].

These devices use near-infrared (NIR) light for emitting light but often su er from poor
accuracy and depth resolution. Additionally, they require two calibration procedures: one
for the projection matrix (like standard cameras) and one for distance measurement. The
low resolution makes feature detection challenging. Another issue is the inaccuracy of depth
images, especially at object edges, caused by capturing multiple light re ections due to object
concavity [8].

Combining ToF technology with standard RGB cameras can produce colorful point clouds.
However, using a standard RGB camera introduces limitations in terms of detection speed
and light e ciency, especially for fast RGB detection. [25]. Moreover, although these systems
do not use two cameras for triangulation depth measurement, they still require two cameras,
disqualifying them as monocular devices.

Another way to detect depth with a monocular device is by using an event-based camera
(EC). Like other 2D cameras, ECs do not provide enough information about the scene in

a single-shot to calculate depth. However, the events generated by camera movement can
be valuable for gathering more information about objects in the scene. The polarity of

events is particularly useful in optical ow methods to determine the camera's trajectory [46

1Continuous Wave
2ECs are not shot-based, ssingle-shotis not accurate. This work views them as data captured at once
or as events occurring in a short period.
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49]. In other words, various viewpoints are used to discover the depth, noting that clearly
this condition is not a single-shot capturing. As in this method moving the camera is a
requirement [23,50 55]. Mostly in these approaches the scene should be static. In [21],
authors have used the events created due to the movement of a hand-held EC in a static
scene, to estimate the camera pose followed by performing a 3D reconstruction. Methods
using global illumination changes, such as turning on a light in a dark room [56, 57], or
applying a rotating polarizer [58], are also employed to reconstruct iso-contours or estimate
surface normals.

By considering the events in a spatio-temporal neighborhoodyent frameswill be obtained.
Event frames will change an unfamiliar event stream to a familiar 2D image with information
about scene edges which is compatible with conventional computer vision. By providing an
adaptive frame rate signal, event frames enable the camera pose estimation practicable via
image alignment [22]. In [22], the authors used a monocular EC to obtain a semi-dense and
a pose tracking that will be used in SLAM projects. They applied space sweeping for 3D
reconstruction same as the proposed method in [23], however this was achieved by using
edge-map alignment for camera motion tracking.

Another way to predict the depth from monocular EC is employing a learning method. In [24]
the authors proposed a recurrent architecture that leverages the temporal consistency of the
event stream in generating network prediction. However, the predicted depth is provided by
a learning method; therefore the training dataset has a critical role in predicting the depth
of the new seen objects. It could give false result if the speed of the object is almost identical
to the speed of the EC, which will result in the camera to receive very few events related to
the object.

2.3 Depth Sensing via Triangulation Method

To improve scene comprehension, researchers are exploring fusion methods that incorporate
additional sensors. Interference-based methods excel in highly accurate micro-scale measure-
ments, while Time-of-Flight methods are preferred for their broader coverage in large-scale
scenes, albeit with lower precision. Triangulation-based approaches, such as stereo vision and
Structured Light (SL), strike a balance between these extremes [8], 0 ering reliable depth
information particularly suited for shorter distances.
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2.3.1 Event-based depth sensing with multi camera

Although stereo ECs are signi cantly faster than frame-based cameras, the stereo matching
process is more complex. In this case, the matching process becomes temporal, meaning that
matching pixels should be based not only on event appearances across the image planes but
also on the similarity of the event timestamps, which are in the range of microseconds [59].
Also, in terms of brightness alterations; in some occasions the two cameras do not receive
the same brightness changes in one speci ¢ position [60]. In some projects, time surfaces
are used to obtain a proxy intensity picture [43, 61].

The calibration process for event-based stereo camera is also di erent from the frame-based
stereo camera. In [62], they have implemented a calibration mechanism for calibrating the
system. An LED grid with 64 LED lights in two di erent depth was used. However, for
stereo extrinsics calibration, Zhu et al. [63] utilized the Kalibr toolbox.

In [64], they have used two DVS static cameras to achieve the stereo reconstruction of the
moving object in front of the camera. A cooperative network fed by captured series of
events is employed to incorporate as spatiotemporal context, which calculates the disparity
for each incoming event. The network is continually developed in time by capturing more

events. This approach matches events by examining their neighborhoods and improved by
calculating the initial weights and using window-based matching instead of time-based single
event matching [65].

In [43], multi event-based cameras (synchronized) are used to obtain a 3D reconstruction of
the scene. By examining the time surfaces used in proxy intensity images for stereo matching
in a temporal way (temporal correlations of the events).

In [60], they propose using additional hardware, speci cally a mirror-galvanometer-driven
laser, to create light spots in the scene. Similarly, in [66], they projected a binary speckle
pattern to capture features more easily with a stereo EC setup. In [67], they projected a line
laser to generate a known pattern instead of a speckle pattern. All of these contrast changes
are captured by a stereo EC, enabling resource-e cient matching and eliminating the need
for sensor synchronization.

2.3.2 Event-based depth sensing with SL

ECs detect SL events by sensing changes in frequency or contrast. Adjusting the SL frequency
enables the camera to distinguish individual points. There are two main ways SL and ECs are
combined: the rst involves using an SL device to generate events that the camera captures,

2Employing events in a period of time
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similar to the approach proposed in [60]. Another approach involves using an SL device (or
other 3D depth sensors) to rst generate a depth reconstruction of the scene, which is then
combined with the captured events. For example, in [68], the authors employed an external
SL projector (Kinect) to acquire depth information about the scene. Simultaneously, an
EC captures events (brightness changes in each pixel due to motion), while the SL device
records its own data. These outputs are then combined to create a 3D event representation.
This method necessitates movement to gather the required data, despite relying on an active
external light source. Operating the Kinect independently alongside this process increases
power consumption and does not reduce processing time.

Structured Light (SL) functions similarly to active stereo-vision, employing triangulation for
depth measurement. Instead of using two cameras, SL projects a pattern onto the surface
and captures its deformation with a single camera. While a typical SL setup involves one
camera and one projector, multiple cameras can also be utilized to achieve higher resolution
or faster measurements [13, 14].

Using an external projector for Structured Light (SL) to overcome stereo challenges with a
monocular EC is fundamental in modern systems incorporating event cameras, as seen in
works such as [15, 16,69, 70]. Various SL methods di er based on the types of patterns they
utilize. Table 2.1, shows a summary of previous SL-based systems for depth detection with
EC.

Coded Patterns in SL:  Striped SL patterns are utilized for area scanning. Unique pat-
terns enable the system to identify points and compute depth. When these patterns are
binary (black and white), multiple patterns are necessary to match corresponding points.
Consequently, binary patterns are sensitive to object movement compared to other patterns.
Achieving a high frequency of pattern switching aids in reducing this sensitivity. DLP pro-
jectors can switch patterns at kilohertz frequencies [71, 72]. Higher resolution is achieved by
introducing 2D and hybrid patterns [73].

Leroux et al. [74] propose a 3D reconstruction approach utilizing an Asynchronous Time-
based Image Sensor (ATIS) with 304 240 pixels and a DLP projector. Instead of traditional
line structured light (SL), they employ Frequency-Tagged Dots (FTD) projected onto the
scene. By analyzing the known pattern and distances, they calculate pattern deformation
and point depth. However, this method is susceptible to movement and changes in ambient
light, which can impact the number of events captured.

Mangalore et al. [20] and Li et al. [75] employed a Dynamic Active-pixel Vision Sensor
(DAVIS346, 346 260 pixels) paired with a DLP LightCrafter 4500 for 3D reconstruction.
They developed a Fringe Projection Pro lometry (FPP) system using a moving fringe pat-
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tern, allowing the EC to scan multiple lines simultaneously, which is faster than traditional
line-scanning methods. An advantage of ECs is their ability to detect shadowed areas, unlike
frame-based cameras where shadows and dark regions may appear indistinguishable. How-
ever, pre-recording the scene without objects is necessary to "inpaint" shadowed areas, and
the camera's limited event reporting capacity may result in some events being missed.

Simple patterns SL: The basic statistical pattern method involves projecting a random
array of dots. This approach is common in commercial devices like Microsoft Kinect V1,
Intel RealSense [76], and Orbbec Astra [77] due to its simplicity and compact size. Huang et
al. [2] also used a DLP6500 projector to project a single pseudo-random pattern frequently.
They extracted event frames from this pattern and employed digital image correlation to
compute displacements and create 3D surfaces of objects. While this dot-based approach
speeds up scanning, it sacri ces detail compared to the denser information achievable with
line patterns. Furthermore, using discrete patterns led to inaccuracies in dot placement and
sensitivity to ambient light, resulting in lower-resolution 3D depth measurements [8].

Another approach to achieve higher resolution is by using lines instead of discrete dots. This
method allows for highly accurate measurements in one direction. It is often combined with
a line laser for short-range scanning. However, to measure depth accurately in all directions,
the orientation of the line needs to vary.

Brandli et al. [15] utilized a laser line and an event camera (EC) for surface scanning of
objects. The concentrated laser line improved contrast, making it easier for the EC to detect
the line. When the environment is stable, structured light (SL) emission aids in detecting
relevant pixels only. However, achieving a complete 3D reconstruction using this approach
requires varying the line direction or moving the object in relation to the laser line.

Matsuda et al. [16] addressed the speed-resolution trade-o in 3D scanning by employing a line
laser and an event camera (EC), known as Motion Contrast 3D Scanning (MC3D). Unlike
traditional SL scanners, which can be a ected by changes in illumination, their approach
using a high dynamic range EC resulted in enhanced nal outcomes. While a laser scanner
typically required 28.5 seconds of exposure time, their proposed device achieved similar results
with just one second of exposure time.

Building upon Matsuda et al.'s research, Muglikar et al. [69] introduced Event-based Struc-
tured Light (ESL), where they utilized time maps to synchronize the projector and cam-
era temporally. Initially, they generated depth maps through an epipolar disparity search
across recti ed projector time maps. They then implemented a subsequent processing step
to improve pixel-level consistency and reduce event uctuations. However, this additional
processing requires substantial computational resources, limiting their method's ability to
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achieve real-time performance.

Morgenstern et al. [70], in their X-maps approach, introduced a method that converts the
projector time map into a recti ed X-map. This X-map captures X-axis correspondences
for incoming events, enabling direct disparity lookup without the need for additional search
processes. Their method supports real-time interactivity, making it suitable for applications
like Spatial Augmented Reality (SAR) that demand low latency and high frame rates. They
reported that their approach is signi cantly faster 7 to 100 times faster compared to the
ESL method, which involves row-by-row disparity search and depth calculation for the entire
frame. We employed a similar X-mapping technique to compute depth for each pixel, as
detailed in the following section.

Table 2.1 Summary of previous SL-based systems for depth detection with EC.

Method Type Pattern EC Sensor Projector

Brandli et al. [15] Monocular Simple DVS128 128 128  Laser line 500 Hz

MC3D [16] Monocular Simple DVS128 128 128  Laser point 60 fps

FTP [74] Monocular Coded  ATISO 304 240 DLP TI LightCrafter 3000

FPP [20,75] Monocular Coded DAVIS346 346 260 DLP TI LightCrafter 4500
Martel et al. [60] Stereo Both DAVIS240 240 180 Laser beam

ESL [69] Monocular Simple Prophesee Gen3 64380  Laser point 60 fps

X-maps [70] Monocular Simple Prophesee Gen3 64280 Laser point 60 fps

SGE [72] MonocularSlmple Prophesee Gend4 1280 720 Laser point 60 fps (static scene)

Coded DLP projector OPR305185 (dynamic scene)
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CHAPTER 3  ARTICLE 1: EVENT-BASED RGB SENSING WITH
STRUCTURED LIGHT

Preface: Event-based cameras (ECs) asynchronously report pixel brightness changes, mak-
ing them bene cial in challenging lighting conditions and for detecting fast movements due
to their high dynamic range, pixel bandwidth, temporal resolution, and low power consump-
tion. The rst generation of ECs were monochrome, but now include color versions, which
have lower resolution due to the use of color lters.

In this chapter, we propose a method to detect full RGB events using a monochrome EC
with a structured light projector. The projector emits rapidly changing RGB patterns
and the EC captures the re ections, allowing for color detection of both static and moving
objects. This technique, utilizing a Tl LightCrafter 4500 projector and a monochrome EC,
enables frameless event-based RGB sensing applications.

Full Citation: Marjani Bajestani, Seyed Ehsan, and Giovanni Beltrame. "Event-based
RGB sensing with structured light." Proceedings of the IEEE/CVF Winter Conference o
Applications of Computer Vision. 2023. (published October 11, 2022)

DOI:  https://doi.org/10.1109/WACV56688.2023.00542

Abstract: Event-based cameras (ECs) are bio-inspired sensors that asynchronously report
pixel brightness changes. Due to their high dynamic range, pixel bandwidth, temporal reso-
lution, low power consumption, and computational simplicity, they are bene cial for vision-
based projects in challenging lighting conditions and they can detect fast movements with
their microsecond response time. The rst generation of ECs are monochrome, but color
data is very useful and sometimes essential for certain vision-based applications. The latest
technology enables manufacturers to build color ECs, trading o the size of the sensor and
substantially reducing the resolution compared to monochrome models, despite having the
same bandwidth. In addition, ECs only detect changes in light and do not show static or
slowly moving objects. We introduce a method to detect full RGB events using a monochrome
EC aided by a structured light projector. The projector emits rapidly changing RGB pat-
terns of light beams on the scene, the re ection of which is captured by the EC. We combine
the bene ts of ECs and projection-based techniques and allow depth and color detection of
static or moving objects with a commercial Tl LightCrafter 4500 projector and a monocular
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monochrome EC, paving the way for frameless RGB-D sensing applications. Our code is
available publicly: github.com/MISTLab/event_based_rgbd_ros

3.1 Introduction

Event-based cameras (ECs) report pixel brightness changes asynchronously, a behavior in-
spired by the human eye [78]. When the brightness changes over a certain threshold for a
pixel, the camera generates an event containing the coordinates of the pixely), a times-
tamp, and the polarity of the event (i.e. increasing or decreasing). Although ECs do not
capture full images, they can detect movement thousands of times faster than standard
frame-based sensors, and since they do not have an external shutter cycle, their output is
event-driven and frameless, resulting in very low latency, power, and bandwidth demands.

Figure 3.1 Color detection of a stable (top row) and spinning (bottom row) colorful paper
pinwheel. Left column: monochrome events without structured light. Right column: colorful
image reconstructed aided by structured light with two patterns and equivalent speeds of 30
fps (top) and 150 fps (bottom).

ECs have been used in various computer vision applications such as fast movement detection
and tracking [49, 79, 80], optical ow, pose tracking and visual-inertial odometery [81, 82],
Simultaneous Localization And Mapping (SLAM) [22, 83], pattern recognition [84], depth
estimation and stereo vision [19,23,61], and many more.
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In computer vision, color information has an important role [30] and could be essential to
many tasks such as segmentation and recognition [41]. The rst generation of ECs are
monochromatic, with color ECs only recently becoming available [35 37,85]. However, due
to limitations in terms of sensor size, color ECs have lower resolution than mono ECs because
they need to use color lters.

It is worth noting that ECs report pixel brightness changes, meaning that an EC will not
report anything when the camera (and/or the object in its eld of view) is static or slowly
moving (Fig. 3.1, top left), which can be critical in some cases (e.g. for a slow-moving robot).
To overcome this issue, one could use an external active device such as a laser, a ashing
LED, or a light projector to generate events in static and almost static situations. This
external active lighting system could also be used to detect depth by projecting detectable
patterns called Structured Light (SL) [15, 16,69, 86].

We present a method to add color and depth to a monocular, monochrome event-based cam-
era while maintaining fast response time and resolution. We use a Digital Light Processing
(DLP) projector that emits patterns of lights that we call Active Structured Light (ASL) on

a scene, the re ection of which is captured by the EC which in turn generates events tagged
with the color and depth of the scene. It is worth noting that our ASL method could also be
used with color ECs, allowing the detection of static scenes. By dynamically adjusting the
projection, we have color data when needed, managing the overall bandwidth of the system.
For example, we can use the full resolution of the camera to detect static color scenes, or use
more sparse patterns for fast moving objects. Projecting patterns also allows triangulation-
based measurements to create a colorful 3D point cloud of the scene. Overall, our method
generates colorful events from a monochrome EC:

1. with no loss of spatial resolution;

2. with the ability to detect static objects and scenes;

3. optimizing the bandwidth of the EC by detecting the color when and where it is needed;

4. using patterns that allow event-based depth measurement, ultimately generating col-
orful point clouds.

In this work, we focused on visual light wavelength (emitted by the LED projector) and
materials that are not in the category of uorescence and they do not change the wavelength
of the light. We validated our approach in di erent dynamic conditions: Fig. 3.2 shows the
experimental setup with a DLP projectof and a Prophesee evaluation kit With this setup,

we achieved full color detection at an equivalent rate of 1400 frames per second (fps) (note

LightCrafter 4500 Evaluation Module
2Gen3-VGA
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that the camera is frameless, we use fps just for the purpose of comparison). Fig. 3.2 also
shows the color detection of a static printed color wheel.

The rest of the paper is as follows: Section 3.2 presents related work; Section 3.3 describes our
method for color detection; Section 3.4 details the results of our method in several conditions;
and nally, Section 3.5 draws some concluding remarks and outlines possible future work.

o
3

¢
]

Figure 3.2 Left: The experimental setup with a DLP LightCrafter 4500 Evaluation Module
and a Prophesee evaluation kit (Gen3-VGA). Middle: Printed color wheel with the logo of
the MIST Lab., captured by a frame-based high-resolution camera. Right: Colorful image
reconstructed by proposed method captured by monochrome EC aided by SL.

3.2 Related Work

Digital color cameras use various Color Filter Array (CFA) or Color Filter Mosaic (CFM)

on their sensors to detect di erent colors for each pixel, and among them, the Bayer array
Iter [38] is the most common CFA [40]. The size of a CFA is between 4 to 36 pixels (or
sometimes larger [39]), which means that we need several monochrome pixels to generate
each color pixel, e ectively decreasing the resolution (e.g., 4x with a 22 CFA).

Colorization is the process to generate a color image based on a monochrome sensor or
grayscale image without loss of resolution. Colorization requires either external data about
the image colors, user interaction, or a trained neural network embedding the knowledge of
the colors on the scene, and can be a time-consuming and expensive task [32]. Levin et al. [32]
introduced a method that needs a few initial inputs from a user to generate a full color image
and keeps tracking the color on upcoming frames in a video. Zhang et al. [33] introduce a fully
automatic colorization approach based on a convolutional neural network (CNN) that can
change a grayscale image into a near-real colorful image. Their method successfully deceived
32% of human participants in distinguishing the generated and ground-truth images. In
contrast to these colorization approaches, our method does not need initial input data to get
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color out of a monochrome camera and it can provide realistic color information faster than
CNN models.

Another approach to generate color data without quality loss on a monochrome image is to use
separate cameras: the monochrome sensor takes a more detailed and higher contrast image,
while a lower resolution RGB camera adds color information. This combination is common,
but the image fusion, colorization, or the color transfer process are still a challenge [31].

Event-based cameras have introduced a new eld of imaging systems. Due to their advantages
compared to standard cameras, many scientists investigated ways to generate and reconstruct
images from events to use in frame-based computer vision algorithms. A monochrome EC
has been used in many image reconstruction works [87 92]. Also, combining a standard
frame-based camera and an EC can produce a deblurred high frame rate (HFR) and high
dynamic range (HDR) video [93].

By combining three ECs using dichroic Iters Marcireau et al. [41] introduced a prototype to
capture a stream of events in RGB separate channels for color segmentation. This method
maintains the monochrome resolution but increases the bandwidth 3x.

With the introduction of color event-based cameras [37], some research focused on the recon-
struction of images and videos based on color events [94 96]. Scheerliathl. [97] presented

a dataset for color ECs. They also compared the output quality of some image reconstruction
methods such as [87 89] in color.

As digital color cameras, current color ECs also use CFA to generate color events, which
reduces their output resolution leading to lower bandwidth when compared with Marcireau
et al. [41]. Our method reconstructs color data when needed, keeping the bandwidth of the
system in check.

3.3 Monochrome to color

Compared to frame-based cameras, ECs are faster sensors, however, since they report nothing
in a static situation or with slowly moving objects, they require an additional sensor to provide
visual perception in these situations. We use an external event generator, namely a DLP
projector. By emitting a pattern of light on objects in the scene, not only we can detect
their color, but we are also able to detect depth, which makes event-based RGB-D sensing
possible. Moreover, since ECs have high dynamic range, a high-power light projector is not
necessary in dark environments.

There are many standard color formats for digital color descriptions (additive or subtractive),
such as CMY (cyan, magenta, yellow), or with black CMYK, RYB (red, yellow, blue), RGB
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(red, green, blue) or with white RGBW and etc. Selecting the color space could depend on
the application and the color range of the desired objects in the environment. Without loss
of generality, we select the RGB color space which is more common in vision applications.

We use the EC to measure the amount of re ection of the emitted light on an object. To
measure the color, we project three di erent wavelengths (structured light in red, green, and
blue) on the environment and measure the amount of re ected light captured by the EC.
During each pattern exposure time, the received events are gathered in an appropriate color
channel on the initial frame.

To synchronize the DLP projector with the EC, we connect the trigger pins of the camera
to the projector. By changing the pattern color, the DLP sends a pulse to the camera
which identi es the incoming events as belonging to the appropriate color channel. Fig. 3.3
depicts the output of the color detection of a printed RGB color wheel separated in each
color channel. The bottom frame of the Fig. 3.3 shows that the printed color wheel does not
have pure green (0255 0) and blue (Q 0; 255) colors in 24 bit RGB format. For example, in
the red light channel (bottom left), the green circle also re ected some light (although less
than the red circle) and as a result, it appears gray.

3.3.1 Color detection speed limits

One of the main advantages of the ECs is their response time which is in the range of
microseconds. However, with the introduced method, we need to gather events of each color
separately, limiting the speed of color detection to the maximum speed of pattern switching
of the DLP projector. With the LightCrafter 4500 Evaluation Module, we are able to detect
color with an equivalent frame rate up to 1400 fps due to its high frequency (4225 ¥z
However, assuming that the color of the object is not changing, we could still use the other
methods to track the object only based on the high speed stream of events [49,80] and use
the color detection method for a short period of time. Fig. 3.4 shows the output of the color
detection of a spinning colorful paper pinwheel reconstructed at di erent frame rates.

3.3.2 Advantages over monochrome cameras

Monochrome or grayscale cameras have been used in vision-based applications that do not
need color information. As mentioned in Section 3.2, the combination of a monochrome

camera and a color camera could be challenging for image fusion, colorization, or the color
transfer process [31]. A dual-camera consisting of a frame-based camera and an EC can

1Switching rate for preloaded 1 Bit depth pattern of the LightCrafter 4500 Evaluation Module
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Figure 3.3 Color detection of a printed color wheel. Top left captured by frame-based high-
resolution camera, top right is colorful image reconstructed by proposed method, captured
by a VGA monochrome EC aided by SL. Bottom from left to right are collected event-frames
for each color light (red, green and blue) by monochrome EC.

Figure 3.4 Color detection of a spinning colorful paper pinwheel reconstructed at di erent
frame rates. Top row (static) left: captured by frame-based high resolution camera, right:
colorful image reconstructed by proposed method captured by monochrome EC. Bottom row
(spinning pinwheel) reconstructed at, from left to right, 30, 100, 120 and 150 fps.
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produce a deblurred high frame rate (HFR) and high dynamic range (HDR) video [93].
However, adding a second camera increases the required bandwidth. Our method allows us
to benet from ECs' features and detect/update the color information for a given period

of time. Moreover, the camera-projector combination enables depth sensing and simpli es
feature detection and matching (w.r.t. stereo cameras) [15, 16,69, 86].

3.3.3 Advantages over color event-based cameras

As mentioned in Section 3.2, digital cameras often use CFA to detect color. For instance, the
Color-DAVIS346 [85] is one of the most recent color EC that uses an RGBG Bayer pattern
with an output resolution of 346 260 pixels. This kind of camera is reporting the stream of
events in 3 or 4 di erent channels, which increase the need for bandwidth. Higher bandwidth
requirements can cause bus saturation (as described in Section 3.4). In addition, despite
increasing the bandwidth needs and decreasing the resolution, color ECs cannot detect the
environment when the camera or object is static or moving very slowly. Our method is useful
to e ciently use the bandwidth by detecting the color only when and where it is needed.
Moreover, our method also gathers information from the environment from an initially static
robot or camera, meaning there is no need to have mechanical parts to move the camera
and receive events, which makes the system more reliable. Further, since a high-resolution
EC could be subject to more noise in a dark environment compared with a low-resolution
EC [98], our method could still get the bene ts of the high-resolution monochrome EC in a
dark environment.

3.3.4 White balance and color correction

White balance and color correction can make the captured image close to its natural color.
White balance can be adjusted before or after capturing the image. Generating white light
with the DLP projector can change the image white balance, because the color temperature of
a light source or the warmth/coolness of the white light can change the white balance directly.
The DLP projector has three di erent LED colors: red, green, and blue. Generating LED-
based white light could be challenging with wideband wavelength RGB LEDs [99 101]. Since
the DLP projector has narrowband LEDs, the white balance can be adjusted by changing
the current of each LED separately.

Lighting model:  If we consider the DLP projector as a point-sized light source, we can
model the lighting with the Lambertian shading model which is one of the simplest bidirec-
tional re ectance distribution functions (BRDF) and an appropriate approximation to many

real-world material surfaces [102]. In the Lambertian shading model, R, G, B values of the
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resulting pixel are independent of the angle that the viewing ray hits the surface:
W = Sief Spowmax(0;n b); (3.2)

whereW is the combination of R; G;B) values for a desired pixel, and, is the spectral

re ectance of the material, Spo, represents the spectral power distribution of the projector
(as the light source),n is the outward surface normal (of the object) and s the light beam
vector which is from the surface intersection point to the projector. The dot product of these
two unit vectors gives the amount of attenuation based on the angle between the surface to
the projector. The max function is used to prevent a condition wheren b < 0, because
the projector would be behind the object in this case. This model could be divided for each
color, for example the model for red light is:

R = Srefr Spowr Max(0;n b (3.2)

To generate white light in an ideal situation, we consider that each color has the same
power distribution and Spowz = Spows = Spows - FOr @ white or gray surface we would have
Sretr = Srefc = Srefy- As a result, by controlling the current of each LED §,0n) We can
have balanced white light.

We can use a gray card, a color wheel, or a Macbeth color chart/color checker to calibrate
our system. We used a printed Macbeth color chart to do the calibration, and Fig. 3.5 shows
the output of the color detection with the proposed method with and without white balance
calibration.

Absolute error:  To check the quality of the reconstructed image, we need to have a base
image and specify an error calculation method. We consider the image captured by a frame-
based, high-resolution iPhone 13 Pro camera as the base image (Ground Truth or GT) in
Fig. 3.5. To calculate the absolute error, we compared the histogram of two images in Hue
Saturation Value (HSV) format based on the correlation metrit

"L(Ho(l)  Ho)(Hy1) Hy)

c= d(Ho;Hp) = & 5 , (3.3)
1 (Ho(1)  Ho)2 (Hp(I)  Hyp)?
where
— 1 X .
Hio= & He(J); (3.4)

J

1The OpenCV histogram comparison correlation method.
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and N is the total number of histogram bins, which in our case is 256 (8 bit in each color
channel). TheH, and Hy, are respectively histogram of the output image and the baseline
image with a Histogram Correlation HC) between 0 and 1. TheHC between the base image
(left) and each reconstructed image is respectively2Z2 and Q76 for the reconstructed image
without white balance (middle) and with white balance (right) in Fig. 3.5. Moreover, to check
the di erence between each pixel in the reconstructed image and the GT, and calculate the
absolute error, we calculated the root mean square error (RMSE) separately for each channel.
As an example, the RMSE for the red channel is:

S

P 2
RMSE, = N(p°;\| P )*, (3.5)

where p,, and p, are respectively the pixel value in the red channel of the output frame
and the baseline frameN is the total number of pixels, i.e. 640 480 = 307200. Table 3.1
shows the quality of the color detection for each image in Fig. 3.5 compared to the GT image.
Table 3.1 also shows that, after manual white balance tuning, all three channels had 12%
better RMSE on average. To have a more realistic color detection, an online white balance
calibration could be helpful in minimizing the average RMSE if needed. To check the quality
of each image we computer the Peak Signal-to-Noise Ratio (PSNR), shown in Table 3.1.

Table 3.1 Color detection quality w.r.t. ground truth (GT)

GT No WB wWB

RMSE ¢q 0 83.89 83.65
RMSE green 0 87.79 71.16
RMSE e 0 92.76 76.97
RMSE 0 88.15 77.26
PSNR +1 dB 9.23dB 10.37 dB
Histogram Correlation (HC) 1 0.22 0.76

Another way to do the color correction is to capture the image with a white channel by
RGBW color spaces and perform the correction on four channels similar to RGBW CFA-
equipped sensors [103]. This comes at the cost of adding a 4th color light to the SL, adding
at least 33% to the length of the capture time.
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GT HC =0:22 HC =0:76

Figure 3.5 Color detection of printed Macbeth color chart. Image captured by a frame-
based high-resolution camera (left), the colorful image reconstructed by the proposed method
captured by monochrome EC, without (middle) and with (right) white balance.

3.4 ASL: Adaptive Structured Light

High-resolution ECs have a higher event rate and need more bandwidth compared to low-
resolution ECs, but each EC has a limited data rate ( nite bandwidth) on the output interface

or bus. If the data rate or the number of events exceeds the limit, bus saturation could
happen [78,98]. Filtering [104] or online event-rate control [105] can mitigate this issue.
When using an external event generator such as the DLP projector which emits SL on the
scene, controlling the event rate is even more important. One method to control the event
rate when using a projector is to de ne a region of interest (ROI) and project the pattern only
where it is needed. Muglikar et al. [86] used one EC camera to detect the ROI (generally the
area of the image frame that has more events due to the movement) and then projected the SL
on that area followed by detecting the depth with a second EC. Instead of adding a second
EC to the system, we introduced ASL to control the event-rate. Fig. 3.6 shows di erent
patterns of the SL which change based on the number of received events. As expected, there
is a trade-o between having high-resolution (dense) and high-speed (sparse) color detection.
The generated SL patterns are, multiple dots or lines patterns and solid patterns. In static
conditions, ASL could also be used with a color EC and white light. However, it should be
noted that color ECs need more bandwidth compared to monochrome ECs with the same
resolution.

Bandwidth control: By frequently projecting SL into the scene, we receive events caused
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by the SL alongside the events caused by the movement of objects or the camera. We want
to control the biases of the camera to prevent bus saturation, but we do not want to lose
data by excessively decreasing the camera sensitivity. In general, the number of events must
be lower than the bandwidth of the EC:

Max:Bandwidth < events 5. + eventsy ; (3.6)

where events, is the number of events caused by the movement of the EC or any object
in the scene (i.e., any other events that have not emerged due to the Ske\ventss, is the
number of events caused by the SL, and we can control it by changing the pattern and
the power of the LED projector. eventss; is not only linked to the color of the object
(and its re ectivity/ uorescence percentage, which we do not investigate in this paper), but
also it is related to the distance of the camera-projector from the object. Increasing the
distance, the spectral power distribution decreases because of the reduction in power density.
Unfortunately, there is no information available concerning the variation of power density
changes with distance for each LED of the DLP projector. Modelling the DLP projector
power density could be useful, but it is out of the scope of this paper. In this work, we
make the simplifying assumption that all LEDs have the same power density. As a result, to
control eventss, we need to controlS,, from (3.1).

Considering a one-bit pattern, we can controB,,, by changing the pattern (changing the
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number of white pixels in a black and white frame), instead of changing the current of the
LEDs. We call the number of white pixels per frame as the coverage percentage (CP), with
each pattern type having a di erent CP. To additionally simplify the problem, we assume
that the DLP and the EC are close and we can consider the CP on the DLP frame plane
despite the fact that, depending on the relative pose of the camera to the projector, the CP
could be di erent on the camera frame plane. We used a colorful board in our experiments,
placed 16@m from the camera-projector, shown in Figs. 3.7 and 3.8.

Dot pattern Dot grid and circle patterns are one of the simplest patterns to detect the local
depth from SL [106] or even calibrating the camera when it is out of focus [107]. Changing
the number of dots (feature points) or their distance a ects the depth resolution. However,
more feature points lead to additional processing time as well as generating more events,
which can lead to bus saturation in ECs. By changing the number of dots dynamically based
on the event rate, we are able to control the trade-o between the speed of scanning and
the amount of detail. Fig. 3.6's top two rows show the proposed ASL with dot-grid patterns
whereM andN (M < N ) are the number of dots on each grid. Fig. 3.7 shows three di erent
dot patterns with di erent CPs. The top row is generated with a temporal window size of
2:5ms (equivalent to 40Gps). Similarly, the second row has a window of:34ms or 230 ps,
and the bottom row for 7:14ms or 140 ps. The leftmost column of Fig. 3.7 is a ground truth
(GT) frame generated with a one-second temporal window; the middle column is an example
frame among the 430 frame samples. We compare each frame pixel by pixel with the GT
frame to compute theRMSE for each channel, shown in the rightmost column.

Multiple-lines pattern Since dot-grid patterns are leading to a sparse image, to gener-
ate a dense image, line patterns are preferred in low-speed 3D scanning and multi-shot 3D
measurement methods. Sequential projection techniques mostly use strip lines [108]. Since
the DLP projector can quickly switch (4225 Hz) between patterns, it is possible to generate
a dense graph for some region of the object by projecting lines and measuring the depth with
triangulation. Although for the spaces between lines we do not have measurements, increas-
ing the number of lines generates more features and it covers a larger area. Similarly to the
dot-grid pattern, increasing the number of lines or dots increases the scanning processing
time and event rate, so speed and detail must be traded o . The third and fourth rows from
top in Fig. 3.6, show the proposed ASL with the line patterns wher® andN (M <N ) are

the number of lines in each pattern. As Fig. 3.7, Fig. 3.8 shows line patterns with di erent
CPs.
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Figure 3.7 Colorful board scanned by dot patterns with varying CP. The temporal window
sizes are 2.5, 4.3, and 7.14 ms from the top.
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Moving-line pattern To have a full dense scanning in 3D, a line pattern is very com-
mon [15,16,69]. We propose to use a moving line pattern (horizontal or vertical depending
on the o set between the camera and the projector), when the event rate is lower than the
bandwidth limits, providing dense scanning.

Solid pattern ~ Whenever the 3D scanning is performed, or when we need the color informa-
tion only for a speci c area (the region of interest), we can use the ROl mode. As described
in Section 3.4, Muglikar et al. [86] de ned an ROI dynamically based on the situation of the
scene, then scanned that area with more laser points. The bottom row of Fig. 3.6, shows
ASL with the solid pattern for the ROI mode.

To compare di erent pattern and speed of scanning, we projected patterns with various CPs
onto the colorful board. Fig. 3.9 shows the trade-o between details, speed, and the quality
of the reconstructed colorful image. It shows that to have a more detailed image, we need
to spend more time switching patterns to cover more area. Also, for high speed scanning, a
sparse pattern (lower CP with fewer details) is needed. Note that a sparse pattern does not
decrease the quality of the color detection even with high speed sampling. Fig. 3.9 has been
generated by using 24000 frames.
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Figure 3.9 Comparing patterns with di erent CPs in speed and quality of color detection.

3.5 Conclusions

We present a method to add color and depth to a monocular, monochrome event-based cam-
era while maintaining fast response time and resolution. Our method reconstructs colorful
events and frames using a monochrome EC aided by adaptive structured light (ASL). By
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dynamically adjusting the projection, we have color data when needed, managing the overall
bandwidth of the system.

We achieved a color detection speed equivalent of 1400 fps with a Texas Instrument's DLP
LightCrafter 4500 projector. Our method could be used in event-based depth measurement
and perception projects. Advantages of ECs, could makes the colorful depth detection much
faster than RGBD cameras.

Although color detection is related to the lighting conditions and material properties at
the intersection point (object surface), the scope of this work was the color detection on
common materials that are generally matte and not too shiny (with high re ection) or u-
orescence. Some materials can interact with light: they can be absorbing, scattering or
emitting light [109]. In this work we focused on visual light wavelength (emitted by the LED
projector) and materials that are not in the category of uorescence and they do not change
the wavelength of the light. However, the use of the event-based camera with a di erent type
of light source and materials could be investigated in future works. Also, without considering
color detection, static re ective materials can be scanned more e ectively with ECs when
compared to the other depth measurement devices [16]. To detect the color of these kind of
materials, a Blinn-Phong shading model [110] could be considered in future works.
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CHAPTER 4 ARTICLE 2: EVENT-BASED VISION FOR ROBOT SOCCER

Preface: Obiject tracking is a major challenge for soccer-playing robots, especially for goal-

keepers due to the fast-moving soccer ball. To improve tracking speed, we propose using
Event-based Cameras (ECs), which report pixel brightness changes asynchronously. With
their high dynamic range, pixel bandwidth, temporal resolution, low power consumption,
and microsecond response time, ECs are ideal for challenging lighting conditions and fast
movements.
In this chapter, we created a dataset using event-based cameras from iniVation and Prophe-
see, recording events in the lab and during Middle Size League matches at RoboCup 2023.
Additionally, we developed a ROS-compatible Graphical User Interface (GUI) to simplify
camera and camera-projector setup calibration. This GUI allows online control of camera

bias parameters and publishes streams of events and event "frames” on ROS topics. These
advancements will help RoboCup teams transition to event-based technologies, improving

ball detection regardless of color or lighting.

Full Citation: Marjani-Bajestani, Seyed-Ehsan, and Giovanni Beltrame. "Event-based
Vision for Robot Soccer." Proceedings of the 27th Robot World Cup (RoboCup 2024),
Springer Nature Switzerland. (published June 7, 2024)

Abstract: Object tracking is one of the main challenges in soccer-playing robots. Due to its
fast movement, detecting and tracking the soccer ball is challenging for goalkeepers in both
humanoid and wheeled robots. To speed up object tracking, we propose the use of Event-
based Cameras (ECs). ECs are bio-inspired sensors that asynchronously report changes in
brightness for each pixel. Because of their high dynamic range, pixel bandwidth, tempo-
ral resolution, low power consumption, and computational simplicity, they are bene cial for
vision-based projects in challenging lighting conditions and can detect fast movements with
their microsecond response time. We created a dataset using two di erent event-based cam-
eras from iniVation and Prophesee that recorded events in the lab and during Middle Size
League matches at RoboCup 2023. Additionally, we created a Graphical User Interface (GUI)
working with the Robot Operating System (ROS) to simplify camera and camera-projector
setup calibration for RoboCup participants. The proposed ROS GUI is able to control the
camera bias parameters online and publish a stream of events in addition to event "frames"
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on ROS topics. These advancements will help all RoboCup teams shift from frame-based
to event-based technologies, enhancing ball detection regardless of color or lighting. The
dataset is available publicly: github.com/MISTLab/event_based_data.

Figure 4.1 Comparison between frames captured by the DAVIS346 color event-based camera
during RoboCup 2023 on the MSL eld. The left column shows RGB frames recorded at
30fps, while the right column displays gathered events with a temporal resolution of less than
2ms. In this record, the ball approaches the robot and bounces in front of it.

4.1 Introduction

Frame-based standard cameras are widely used on soccer-playing robots in the RoboCup.
Typically, robots use these cameras to detect and locate the ball and other robots on the
soccer eld. Additionally, vision-based sensors provide other important information, such
as the eld lines and their relative distance to localize the robot. However, frame-based
cameras have inherent limitations. They require good illumination, they are susceptible to
blurring during fast movements (see Fig. 4.1), have a relatively low dynamic range (leading to
saturation in changing illumination conditions), and may require high bandwidth depending
on the output resolution and frame rate.

In the RoboCup soccer leagues, real robots mainly fall into two types: humanoid and wheeled
robots [111]. Even though robots in the Small Size League (SSL) do not have individual
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cameras (mounted cameras above the eld capture frames, and a central computer reports
the locations), detecting and tracking a fast-moving ball individually or cooperatively is
challenging for all players in the Middle Size League (MSL) and the Humanoid Leagues
(Kid, Teen, and Adult sizes). In recent years, teams have investigated various types of
vision-based sensors to achieve the fastest available tracking methods in RoboCup. However,
to the authors' knowledge, no research has been conducted on the advantages of the ECs in
the RoboCup. ECs (also known as neuromorphic cameras, Dynamic Vision Sensors (DVS),
motion contrast sensors, Asynchronous Time-based Image Sensors (ATIS), and asynchronous
transient vision sensors) are bio-inspired sensors that produce a paradigm shift in the way
visual data is obtained [78]. Fig. 4.2, compares standard cameras with ECs.
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Figure 4.2 Comparison of event-based camera output with frame-based camera in di erent
motion modes. Note: The EC shows no activity in static scenes and experiences less blur
than frame-based cameras at high speeds.

While these cameras are commercially available, they tend to be relatively more expensive
compared to frame-based cameras. Also, due to their neuromorphic nature, employing con-
ventional convolutional algorithms with event-based cameras is not feasible. Overcoming
these obstacles is crucial for advancing the adoption and e cacy of event-based technolo-
gies in the RoboCup. The main contribution and bene ts of this research for the RoboCup
participants are as follows:

1. Introduction of Event-based Cameras (ECs) to RoboCup soccer leagues, expanding
the technological scope. Which is bene cial in fast object detection and tracking while
maintaining computational simplicity, improving overall performance.

2. Providing a dataset containing a recorded stream of events during a RoboCup match,
facilitating experimentation and analysis.

3. Development of a Graphical User Interface (GUI) on the Robot Operating System
(ROS) [112], enabling the generation of event frames compatible with conventional
algorithms.
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4. Streamlining camera calibration processes through the ROS GUI, enhancing accuracy
and e ciency in camera setup.

Our method provides teams with an open-source code that can be used to feed their current
ball detection and tracking algorithm with a faster frame rate. By generating frames gathered
from events on ROS topics, our open-source framework seamlessly integrates with existing
computational vision-based algorithms, ensuring teams do not need to modify their primary
algorithms. Additionally, the provided dataset allows teams to test their code before investing
in ECs, aiding in their transition from frame-based cameras to event-based ones.

4.2 Related work

ECs do not capture full images; instead, they report a stream of events. However, they can
detect movement thousands of times faster than standard RGB frame-based sensors. They
are particularly useful in fast-moving detection projects, such as dodging multiple dynamic
obstacles with a quadrotor [113]. In [113], the authors used ECs to estimate ego-motion and
the motion of moving objects, achieving a 70% success rate, including the detection of objects
with unknown shapes in low-light condition$.

Researchers have integrated frame-based cameras with ECs to avoid receiving blurred frames
during high-speed motions. In [93], they combined these two types of cameras to generate a
deblurred high frame rate (HFR) and high dynamic range (HDR) video.

In [114] they presented a perception system for 6-DOF localization during high-speed ma-
neuvers. Their method had robust motion tracking with angular speeds up to 1,268ec

In [79], the authors used powerlinklEEE 61158 industrial network, communicating the
FPGA with a controller connected to a self-developed two-axis servo-controlled robot. And
they compared frame-based cameras and ECs in terms of the response time and robustness
to the variable lighting conditions. By utilizing ECs, they achieved 85% data reduction and

99 ms faster position detection on average compared to the frame-based camera.

The authors of [49], used a DVS to detect and track a fast-moving object. They approximated
the 3D geometry of the event stream to motion-compensate for the camera and detect un-
known moving objects. They reached over 84% of success rate in detecting multiple unknown
moving objects in various lighting conditions.

The authors of [115], used an EC on a robotic arm (as a goalkeeper) to block upcoming shots.
They achieved an 80% blocking capability even against fast shots, with update rates of 550

Ihttps:/lyoutu.be/kluzsiDI4hM
Lhttps:/lyoutu.be/UCAJI0ZFaz8
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Hz and low latencies of 2.2 2 ms. These results were achieved with a peak CPU load of less
than 4% and standard USB buses, showcasing practical viability under real-world operating
conditions.

4.3 Event-based camera calibration

To calibrate the camera, we used our Event-based RGBD ROS Wrapper [1]. The provided
ROS GUI is able to control the camera setting online and publish a stream of color-stamped
events in addition to RGB frames on ROS topics. The GUI is to calibrate the camera with a
Symmetric Circles Grid LED Pattern (Fig. 4.3 top right). Fig. 4.4, shows the provided ROS
GUI during the camera-projector calibration.

The ROS GUI distinguishes between events generated by the LEDs on the calibration board
and events generated by the projected pattern dots from the projector. As shown in Fig. 4.4,
the GUI has been used rst to calibrate the camera by detecting various relative positions of
the LED board. Then it has been used to track the calibration board and calculate its relative
position to the camera, to calibrate the projector and determine the relative position of the
projector to the camera. The camera-projector calibration is integrated into the code, making
it convenient for structured light 3D scanning projects. While the projector calibration may
not be applicable in RoboCup scenarios, the camera calibration section would be useful
alongside the other available software [116].

4.4 Dataset

To create the dataset, we mounted a Color-DAVIS346 [117] EC on top of an MSL robot
and gathered data during the RoboCup 2023 (Fig. 4.3 top left). The camera reports events
and frames simultaneously, which can be useful for teams to compare the proposed method
with their current camera. It also has a 6-axis (Gyro and Accelerometer) with up to 8 kHz
sampling rate. The power consumption of the camera is less than 180 mA at 5 VDC (USB).
To record events we used Khadas VIM3 single-board computer (SBC) [118]. The VIM3
features an Amlogic A311D processor.

The dataset is available publicly: github.com/MISTLab/event_based_data. The provided
dataset contains a diverse range of scenarios, including the ball approaching the goalkeeper,
leaving the goal area, penalty kicks, dribbling in front of the goalkeeper, and even scenarios
involving human dribbling across the soccer eld. Fig. 4.5 shows various frames of the dataset
captured with the Color-DAVIS346.

1Robot Club Toulon
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Color-DAVIS346 Khadas VIM3

Figure 4.3 Setup for creating the dataset during RoboCup 2023. Top left: Robot number 5
from the French team, Robot Club Toulon, with our standalone setup on the MSL soccer
eld. Top right: Calibration circle dot-board used for calibrating the event-based camera and

camera-projector setup, with white dots from LEDs and red dots projected from a projector.
Bottom left: Color-DAVIS346 EC. Bottom right: Khadas VIM3
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Figure 4.4 The ROS GUI to control the bias parameters of the EC and calibrating the
cameral/projector.

45 Conclusion

In conclusion, our work provides tools for calibrating event-based cameras and o ers a dataset
for RoboCup participants. Teams can utilize their current convolutional image processing
algorithm by generating frames from the event-based camera using our ROS wrapper. This
approach simpli es object detection and tracking while maintaining compatibility with ex-
isting algorithms.
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Figure 4.5 Various frames of the dataset captured with the Color-DAVIS346.
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CHAPTER 5 ARTICLE 3: E-RGB-D: REAL-TIME EVENT-BASED
PERCEPTION WITH STRUCTURED LIGHT

Preface: Event-based cameras (ECs) are high-speed sensors that detect pixel brightness
changes asynchronously, ideal for e cient vision sensing. While traditional monochrome
ECs lack color detection and struggle with static objects, our approach integrates| a
Digital Light Processing (DLP) projector to form Active Structured Light (ASL) for
RGB-D sensing. This combines EC advantages with projection techniques to separately
capture color and depth per pixel. Dynamic projection adjustments optimize data ac-
quisition, ensuring accurate, colorful point clouds without sacri cing spatial resolution.
Speci cally, we achieved a color detection speed equivalent to 1400 fps and 4 kHz of pixel
depth detection, signi cantly advancing the realm of event-based 3D reconstruction methods.

Full Citation: Marjani-Bajestani, Seyed-Ehsan, and Giovanni Beltrame. "E-RGB-D:
Real-Time Event-Based Perception with Structured Light", IEEE Transactions on Pattern
Analysis and Machine Intelligence 2024 (submission July 14, 2024).

Abstract: Event-based cameras (ECs) have emerged as bio-inspired sensors that report pixel
brightness changes asynchronously, o ering unmatched speed and e ciency in vision sens-
ing. Despite their high dynamic range, temporal resolution, low power consumption, and
computational simplicity, traditional monochrome ECs face limitations in detecting static

or slowly moving objects and lack color information essential for certain applications. To
address these challenges and extend upon previous work [1], we present a novel approach
that integrates a Digital Light Processing (DLP) projector, forming Active Structured Light
(ASL) for RGB-D sensing. By combining the bene ts of ECs and projection-based tech-
nigues, our method enables the detection of color and the depth of each pixel separately.
Dynamic projection adjustments optimize bandwidth, ensuring selective color data acquisi-
tion and yielding colorful point clouds without sacri cing spatial resolution. This integration,
facilitated by a commercial Tl LightCrafter 4500 projector and a monocular monochrome
EC, not only enables frameless RGB-D sensing applications but also achieves remarkable
performance milestones. With our approach, we achieved a color detection speed equivalent
to 1400 fps and 4 kHz of pixel depth detection, signi cantly advancing the realm of computer
vision across diverse elds from robotics to 3D reconstruction methods. Our code is available
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publicly: github.com/MISTLab/event_based _rgbd_ros

5.1 Introduction

Event-based cameras (ECs) are innovative sensors that detect changes in pixel brightness
asynchronously. Unlike traditional frame-based cameras, ECs do not capture full images,
they generate events containing pixel coordinates, timestamps, and the polarity of brightness
changes whenever a change exceeds a certain threshold. These sensors enable researchers to
detect movement and changes at extremely high speeds with very low latency, minimal power
consumption, and low bandwidth requirements. It makes ECs highly suitable for high-speed
vision-based applications such as depth estimation.

Depth estimation is a vital element in both computer vision and robotics, used in applications
like 3D modeling, augmented reality, and navigation. Structured Light (SL) systems, which
project known patterns onto a scene and observe the deformations with a camera, have
traditionally been used for this purpose [119]. While accurate, these systems are limited
by factors such as device bandwidth and projector light power, impacting acquisition speed
and performance under various lighting conditions. The high temporal resolution and high
dynamic range (HDR) of ECs can address these limitations, as their asynchronous nature
allows for fast, e cient data capture without the redundancy seen in frame-based systems.
However, despite their advantages, traditional monochrome ECs have limitations in capturing
color information.

In our previous work [1], we proposed combining an EC with a Digital Light Processing
(DLP) projector to form an Active Structured Light (ASL) system for color sensing with a
monochrome camera. We extended our previous work and explained how we can achieve
event-based color detection and depth measurements for each pixel separately. Integrating
DLP projectors with ECs overcomes the constraints of traditional SL systems. The ECs'
ability to suppress temporal redundancy and their high dynamic range enables e ective op-
eration in diverse lighting conditions, enhancing the depth estimation process. Additionally,
the dynamic projection adjustments allow for selective color data acquisition, ensuring ef-
cient use of bandwidth while maintaining spatial resolution. Our method enhances depth
and color detection, providing robust E-RGB-D sensing at 1.4 to 4 kHz per pixel. The main
contribution is achieving ultra-fast and real-time, event-based color and depth measurements
per pixel that can work in di erent situations within the scene. Various aspects of the main
contribution are explained as follows:
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Figure 5.1 Color (left) and depth (right) detection of a volleyball ball being thrown up in
front of a VGA monocular event-based camera, reconstructed using the proposed method at
an equivalent speed of 120 fps from a distance of approximately 1.5 m.

Spatial resolution There is always a trade-o0 between point cloud resolution and scanning
process speed in visual-based 3D scanning systems. Time-of-Flight (ToF) cameras based 3D
scanners can quickly report depth information but have limitations in fast RGB detection [25].
We obtained 3D reconstructions with variable resolution, allowing us to acquire a high-
resolution colored 3D point cloud of an environment (in the order of millimeters, similar to
3D laser/ToF scanners but color data included), as well as high-speed 3D scanning (in the
order of milliseconds with more sparse patterns).

Mobility limitation A 3D scanner sensor on a mobile robot should be capable of operating
at di erent velocities. ECs do not report anything in a static situation, and SL scanners are
sensitive to motion. We introduced a method that adapts to the speed of movement by
adjusting the SL pattern and camera bias, allowing for e ective 3D scanning in both static
and dynamic situations.

Texture dependency Stereo vision systems usually rely on surface textures in the fea-
ture/stereo matching process. Feature points are used to nd the correlation between two
camera planes and subsequently calculate the depth of those feature points in the scene. Gen-
erally, the depth accuracy of a stereo camera system decreases in the case of an untextured
surface [3]. Our proposed method performs 3D capture independently of surface texture and
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color.

Acquisition speed  Vision-based scanning systems often face a trade-o between acqui-
sition speed, resolution, and luminous e cacy [16]. The scanning speed is mainly related
to the capture method, sensor bandwidth, and speed of raw data primary analysis. In our
proposed method, depth parametrization and stereo matching are combined in a single step,
increasing scanning speed to real-time and operating on an event-based principle by elimi-
nating the need to search for corresponding pixels in the full captured frame. The proposed
method is faster than available state-of-the-art methods, enabling it to capture more points
to create the colored 3D point cloud.

Light-E ciency Various methods, such as Gray coding or phase-shifting [26], have been
introduced to improve the bandwidth and speed of SL-based scanning; however, these meth-
ods are limited by the power of the light source. Additionally, since standard cameras are
low dynamic range devices, scanning in an environment with highly specular materials is
challenging. Although there are methods to make the use of cameras feasible, they are in-
herently slow [27 29]. The proposed method can handle light alterations and work in dark
environments by employing a high dynamic range sensor similiar to [15,16,69,70], but in real
time and with color detection included.

Power consumption The power consumption of onboard sensors is crucial for mobile
robots. Lower power consumption allows for longer mission durations, enabling wider area
coverage and greater distances. High sensor power consumption, however, limits exploration
missions. By using a high dynamic range sensor, we developed a speci ¢ active 3D scanner
that manages light source power e ciently during scanning. This device minimizes energy
use while still detecting object colors and distances to the camera in low-light conditions.
Although it is an active method that could consume more energy than passive methods,
utilizing EC allows us to control the current and power of the projector light source.

The rest of the paper is structured as follows: Section 5.2 discusses color detection methods;
Section 5.3 covers event-based triangulation-based depth measurement; Section 5.4 describes
our color and depth detection method; Section 5.5 details our results under various conditions;
and Section 5.6 outlines concluding remarks and future work.
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5.2 Monochrome to Color

Color information is essential for tasks like segmentation and recognition [30]. Colorization
involves creating a color image from a monochrome sensor or grayscale image without sacri-
cing resolution. This process relies on external data about the image's colors obtained from
external device [31], user input [32], or a trained neural network that incorporates the scene's
color information [33,34]. It can be both time-consuming and costly.

The rst generation of event cameras (ECs) were monochrome, with color ECs only recently
becoming available [35 37]. However, color ECs have a lower resolution than monochrome
ECs due to sensor size limitations and the need for color lIters [38 40].

To maintain resolution while tripling the bandwidth requirements, Marcireau et al. [41] uti-
lized dichroic Iters on three ECs. They combined the output of three ECs, enabling the
capture of color information in three distinct event streams.

In our initial work [1], we utilized a DLP projector to emit light patterns, referred to as ASL,
onto a scene. The EC then captured the re ections of these patterns, generating events that
were tagged with the scene's color information. As Fig. 5.2 shows the proposed procedure,
we are able to reconstruct full color image from a monochrome EC. Section 5.4 describes our
method for color and depth detection in details in terms of pattern frequency and coverage.

5.3 Depth Sensing via Triangulation

In order to gather more information about the scene, fusion methods with an additional sen-
sor are considered. While the interference-based methods are known as extremely accurate
for micro-scale measuring, Time-of- ight methods are well known as low-accuracy measuring
methods for a large-scale scene. Triangulation-based methods would be in the middle of
them [8]. Triangulation-based techniques, including stereo vision and SL, have been demon-
strated to provide precise depth information at short distances. In this paper, we focused on
event-based depth measuring via SL.

5.3.1 Event-based depth sensing with SL

ECs can identify SL related events due to their frequency or contrast changes. By changing
the frequency of SL, the camera can detect points individually. It required to be expressed
that there are two di erent fusions of SL and EC. The rst type is when a SL device is used
to create events and capturing those events by the camera (same as the proposed method
in [60]. The second method is to use a SL device (or any other 3D depth sensors) to obtain
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Figure 5.2 Color detection of a printed color wheel in [1]. Top: The proposed procedure
involves projecting various light patterns in di erent wavelengths/colors. Bottom, from left
to right: high-resolution Ground Truth (GT), reconstructed images captured by a VGA
monochrome EC in the channels of Red, Green, Blue, and the fully reconstructed image.

a depth pre-reconstruction of the scene and subsequently adding the depth information to
the captured events. For instance, in [68], the authors have used an external SL projector
(Kinect) to receive the depth information of the scene. In parallel, an EC is used to obtain
events (the brightness changes of each pixel due to movements), and the two outputs are
merged to construct the 3D events. Therefore, despite having an active external lighting
source, movement is required to generate the necessary data. Using the Kinect separately in
parallel is power-consuming, and the process time would not be shortened.

In general, SL can be considered as an active stereo-vision method which uses the same
concept (triangulation) for depth measurement. However, in this case, a pattern is emitted
on the surface and the camera will capture the pattern deformation. Consequently, the
structured pattern replaces one of the cameras in stereo-camera system. A typical SL system
uses one camera and one projector, however, to reach a higher resolution or a faster full
measurement more cameras can be utilized as well [13, 14].

The concept of using an external projector to utilize SL and prevent stereo challenges with
a monocular EC is foundational to modern systems utilizing event cameras including [15,
16,69, 70]. Table 5.1 summarizes previous structured light (SL) systems that have tackled
the issue of depth estimation using event cameras. The SL methods are di erent in terms of
patterns types.
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Table 5.1 Summary of Previous SL-based Systems Addressing Depth Estimation with monoc-
ular EC.

Method EC Sensor Projector

Brandli et al. [15] DVS128 128 128 Laser line 500 Hz

MC3D [16] DVS128 128 128 Laser point 60 fps

FTD [74] ATISO 304 240 DLP TI LightCrafter 3000
FPP [20,75] DAVIS346 346 260 DLP TI LightCrafter 4500
ESL [69] Prophesee Gen3 640480 Laser point 60 fps
X-maps [70] Prophesee Gen3 640480 Laser point 60 fps

Laser point 60 fps (for static scene)
SGE [72] Prophesee Gen4 1280720 DLP projector OPR305185 (for dynamic scene)
Ours ERGBD Prophesee Gen3 640 480 DLP TI LightCrafter 4500

Coded patterns SL: Strips SL are introduced to perform the area scanning. If they are

unique, the system can identify points and calculate the depth. If these strips are in black
and white (binary coding), series of patterns are needed to identify the corresponding points.
Thus compared to the other patterns, binary patterns are sensitive to object movement.
Consequently, a high frequency of switching the binary patterns is assisting. DLP projectors
have the ability to switch patterns in the order of kilo Hertz [71,72]. To have a higher

resolution, 2D and hybrid patterns are introduced [73].

Leroux et al. [74] present a 3D reconstruction method using an Asynchronous Time-based
Image Sensor (ATIS) with 304 240 pixels and a DLP projector. Instead of line structured
light (SL), Frequency-Tagged Dots (FTD) are projected onto the scene. The known pattern
and distances allow calculation of pattern deformation and point depth. This method, how-
ever, is highly sensitive to movement and ambient light changes, which a ect the number of
captured events.

Mangalore et al. [20] and Li et al. [75] used a Dynamic Active-pixel Vision Sensor (DAVIS346,
346 260 pixels) with a DLP LightCrafter 4500 for 3D reconstruction. They developed a
Fringe Projection Pro lometry (FPP) system using a moving fringe pattern, allowing the EC

to scan multiple lines simultaneously, which is faster than line-scanning methods. The EC's
advantage is detecting shadowed areas, unlike frame-based cameras where shadows and dark
regions appear the same. However, a pre-recording of the scene without the object is needed
to "inpaint" shadowed areas, and the camera'’s limited event reporting capacity can lead to
some events being eliminated.

Simple patterns SL: The simplest method, known as the statistical pattern, involves a
random distribution of dots. This method is used in various commercial devices such as
Microsoft Kinect V1, Intel RealSense [76], and Orbbec Astra [77] due to its simplicity and
small footprints. Huang et al. [2] also frequently projected a single pseudo-random pattern
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using a DLP6500 projector. They generated event frames from the event stream and utilized
a digital image correlation method to calculate displacements and derive 3D surfaces of target
objects. While using a single dot-based pattern increased scanning speed, it sacri ced detailed
information compared to dense information achievable with line-based patterns. Moreover,
implementing a discrete pattern led to inaccurate dot location and sensitivity to ambient
light, resulting in low-resolution 3D depth measurements [8].

Another way to acquire higher resolution is to use line instead of discrete dots. In that way,
high accuracy measurement in one direction will be attained. This method is also combined
with a line laser for short range scanning. However, to measure the depth in all directions
the line direction needs to vary.

Brandli et al. [15] used a laser line and an EC to scan the surface of an object. Using a
concentrated light line (laser) helped achieve more contrast and detect the line more easily
with the EC. Additionally, if the environment is static, emitting the structured light (SL)
helps detect only the relevant pixels. However, to obtain a 3D reconstruction of the scene
using this method, it is necessary to change the line direction or move the object in front of
the laser line.

By using the line laser and the EC, Matsuda et al. [16] (Motion Contrast 3D Scanning or
MC3D), resolved the speed-resolution trade-o issue present in traditional SL scanners. Tra-
ditional SL scanners become inoperative when illumination changes occur in the environment;
however, using a high dynamic range EC yields an improved nal result. The laser scanner
had an exposure time of 28.5 seconds, but their proposed device had an exposure time of one
second.

Expanding on the Matsuda et al's work, Muglikar et al. [69] (Event-based Structured Light

or ESL), employed time maps to establish a temporal link between the projector and camera.
Initially, they produced depth maps by conducting an epipolar disparity search within rec-

ti ed projector time maps. Following this, an additional processing stage was implemented
to enhance pixel-level coherence and reduce event uctuations. However, this stage demands
signi cant computational resources, preventing their method from achieving real-time per-
formance.

Morgenstern et al. [70] (X-maps), introduced a method that converts the projector time map
into a recti ed X-map, capturing X-axis correspondences for incoming events and enabling
direct disparity lookup without additional search. This method supported real-time inter-
activity, making it suitable for Spatial Augmented Reality (SAR) experiences requiring low
latency and high frame rates. They claimed that their method is 7 to 100 times faster than
considering the entire frame, as in the ESL method, because there is no need to do a row-by-
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row disparity search and calculate the depth for the whole frame. We used a partially similar
X-mapping method to calculate the depth for each pixel. A detailed description is provided
in the next section.

5.4 ASL: Adaptive Structured Light

The proposed method is to adjust the SL pattern to balance the trade-o between scanning
speed and detail. Achieving a denser output requires more pixel data, but there is a limit
to the number of events an EC can process simultaneously, as it may become bus-saturated.
The percentage of Ground Truth (GT) points estimated by the proposed method, relative
to the total number of pixels in the GT that contain data, is referred to as Fill Rate (FR),
completeness, or depth map completion [69]. However, to avoid reaching the camera's bus-
saturation limits, we control the number of projected points by changing pattern. We refer
to the ratio of ON to OFF pixels in a pattern as the Coverage Percentage (CP) [1]. Each
pattern type has a di erent CP, and each experiment is evaluated based on its FR.

The high-resolution method, which uses line-based scanning and is less sensitive to ambient
light [16,120], is given the highest priority among the proposed patterns, while the dot-based
pattern is assigned the lowest priority. Figure 5.3 represents the various patterns that ERGBD
can work with, including line-based scanning, dot-based scanning, and pseudo-random dot
patterns. For instance, the SL pattern can be changed according to either the remaining
battery charge or the robot's motion speed. The robot can switch to the line method and
decrease the LED current (decrease the power of the projector) when the energy level reaches
its critical state.

To reconstruct the color and depth, we introduced di erent pattern sequences, we will de-
scribe them separately in detail in the following subsections.

5.4.1 Color detection

As mentioned in Section 5.2 and shown in Figure 5.2, we project each pattern three times
onto the scene with di erent wavelengths/colors, followed by capturing the re ection with
the EC. These patterns can be part of a depth measuring procedure (moving line or dots)
or a single pattern just to detect the color. Figure 5.4 shows the pattern sequence and their
exposure times in microseconds. There are 4 dierent types of sequences to obtain color
and/or depth. For instance, when measuring depth rst and then color, any pattern from
Figure 5.3 could be used to capture the color, even if the depth pattern is di erent. So, based
on the needs, one pattern could be denser and have a higher CP than the other. One could
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Random N dots M dots N lines M lines

Figure 5.3 Proposed ASL pattern types for balancing speed and detail in ERGBD scanning.
M is greater than N, which means reconstructing more points and have higher CP. We did not
use a pseudo-random dot pattern to detect depth, although it is commonly used in similar
approaches [2]. However, with our method, it is possible to reconstruct color in addition to
detecting depth.

Mode One: Color only
DR | G|B

25( 235 235 235

Mode Two: Depth only
ID| Di| ... | Dy

260 235 ... | 235

Mode Three: Depth then Color
ID D;|.. Do/ R|G|B

270 235 ... | 235 235 235 235

Mode Four: Depth and Color
ID|Dy| .. |Dp/ Dyl ... | Dn| Dy| ... | Dy
280 235 ... | 235 235 ... | 235 23 ... | 235

Figure 5.4 Pattern sequence and their exposure times in microseconds. In our experiments,
we used mode 3 with two di erent values fom (23 and 45), and mode 4 withn=23. One

ID for each pattern type would be enough, but we could have di erent IDs for each color or
depth pattern mode. While this increases the total scanning time, it makes the system more
robust and trackable.

use a solid pattern and decrease the Region of Interest (ROI) of the camera to prevent bus
saturation while still obtaining a fully dense, colorful image for a speci c area.

Since the projector and camera are connected through the external trigger pins, we projected
a blank pattern with a specic exposure time as the ID, allowing the software to detect
which pattern sequence mode is being projected by the projector. Both the ESL and X-maps
methods utilize a Micro Electro-Mechanical System (MEMS) laser projector limited to 60 Hz,
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D455, 33 ms ESL[69],2.36 s ours ERGBD, 12.57 ms

Figure 5.5 Top Left: Output of the D455 RGB camera. Top Right: The RGB image
reconstructed by the ERGBD with a Monochrome EC.Middle Row: Depth detection
comparison between D455 (Left), ESL (Middle), and ours ERGBD (Right)Bottom Row:
Zoomed-in view of the middle row. Note that the color di erences are due to de ning di erent
minimum and maximum values for the jet-coded colorization; the actual di erence in mm is
detailed in Section 5.5.3.

making them suitable for raster scanning patterns where rows are projected sequentially. In
contrast, our work employs a Digital Micromirror Device (DMD projector) capable of pro-
jecting all pixels simultaneously, with a capacity exceeding 4 kHz. The top row of Figure 5.5
shows the RGB reconstructed by our method compared to the output color image of the
RealSense D455 camera.

5.4.2 Depth detection

Like X-maps [70], we provided a lookup table for disparity values to eliminate the need for
disparity search. Because computing scene disparity by aligning time entries of the map
along epipolar lines with an idealized projector time map is computationally intensive [69].
However, our DMD projector does not exhibit raster printing behavior, so we did not store
the projector's x coordinates in relation toy and time t, and we do not use a temporal map
either. Instead, we determine the disparity by knowing the column of the projected line. We
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will describe it in detail in this section.

Direct disparity lookup table: We formulate the problem of depth estimation using
epipolar lines. After calibrating the system and setting up the stereo con guration, we create
a lookup table LUT, that assigns each pixel on the camera plai&(x.; y.) to its corresponding
pixel on the recti ed camera's imageP, (X, ; Xc, ). Additionally, a lookup table LUT , assigns
each pixelPy(X,; Yp) on the projector plane toP, (Xp, ;Yp, ) On the recti ed projector image.

LUT ¢(Pc(Xc; Ye) = Pe (Xc, 5 Ye, ) (5.1)

LUT o(Pp(Xp; ¥p)) = Pp. (Xp, 5 Yp: ) (5.2)

Considering that we are projecting di erent numbers of lines on the object, we could have
an array Columns that carries the column numberx, of each line on the projector plane.
As shown in Figure 5.4, the size of this lookup array could vary from 1 to based on the
pattern mode. h i

Columns= x, Xp, I Xp (5.3)

n

By identifying which pattern or columns are being projected and knowing the coordinates of
the captured event, we can directly determine the disparity of the incoming event. Imagine
at the time of reciving the Event(x;y.), we are projecting line numberm; then, we can
determine two points of this line on the projector recti ed map as:

Top,, = LUT p(Columns[m];H) = (X1;yr) (5.4)

Bottom,, = LUT ,(Columns[m];0) = (Xg;Ys) (5.5)

whereH represents the height of the projector resolution.

Because our setup is a horizontal stereo, the epipolar lines in the recti ed images are horizon-
tal and have the same y-coordinate. The corresponding point is determined by calculating
the intersection of the line that passes through these two points and the horizontal line that
passes through the event's pixel on the recti ed camera plane.

Event, = LUT (X¢;Ye) = (Xg; Ve) (5.6)

Xp = X7 +(Ye Yyr) slope (5.7)

where slope :ﬁ. And the disparity whould be:

disparity = Xp,  Xe (5.8)
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The depth Z of a point in a scene can be calculated using the formula:

f B

~ disparity (5-9)

wheref is the focal length of the cameraB is the baseline. Algorithm 1 provides a concise
overview of the entire process.

We were able to generate a temporal map similar to the ones produced by using raster
printing projectors. Figure 5.6 displays the temporal map of Figure 5.5 setup, created by
ESL and ERGBD (ours). Although we do not use the temporal map, this gure shows that
we could generate one simply by knowing which column is being projected by the DMD
projector and assigning a temporal index/color to that speci c receiving event. However, in
the other methods, they need to receive all events and normalize the temporal map based on
the time of receiving the rst and the last event.

Moreover, in X-maps, to obtain values for all possible measurements from the camera and
create the lookup reference, they needed to record events at least for one time. However,
we do not need to record anything and we can directly nd out the depth by knowing the
column of the projected line on the recti ed projector image.

In practice, the projector's resolution is usually higher than that of the camera sensor, which
means the EC may not capture individual projector columns or may see overlapping columns.
To address this, we introduced a gap between each line in our fully dense patterns, ensuring
a solid, dense temporal map with the camera.

Our method publishes events, and a separate ROS node aggregates these events and publishes
frames at various speeds. Since our system operates on an event-based model rather than a
frame-based one, it does not require complete pattern captures. However, as a consequence of
this approach, some patterns may not be fully captured at higher frequencies. This contrasts
with traditional methods that rely on complete pattern captures to generate data. One
metric for assessing output quality is the Fill Rate (FR), which compares the number of
pixels containing data in the current frame to those in the ground truth frame. For instance,
patterns with 23 lines complete faster compared to those with 45 lines, allowing quicker
coverage of the eld of view and achieving a higher FR. However, reducing the number of
lines sacri ces detail. This trade-o between speed and detail is a deliberate aspect of our
approach, which is not achievable with other methods. Raster-based projectors frequently
project a solid pattern, while methods using coded patterns like grayscale or binary codes
require capturing all patterns to report depth. They cannot increase speed by reducing detail,
nor can they enhance detail by sacri cing speed.
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Algorithm 1 Stamping events with depth and color

1: Initialize LUT ,, LUT, and Columns based on calibration and pattern mode
2: while camera triggers eventslo

3: if external trigger then

4 Increment m and/or indicate the new color

5. else

6: Capture Event,(Xc; Yc)

7 Retrieve Event, (Xg;Ye) from LUT ¢(Xc; Ye)

8: Retrieve x, from Columns[m]

9 Retrieve Top, (xt;Yyr) and Bottomy, (Xg;Yys) from LUT p(xp; H) and LUT p(xp; 0)

10: Calculate xp, = X1t +(Ye Y1) H

11: Compute depth = pr e

12: Publish depth and color-stamped events alongside the colored point cloud on ROS
topics.

13:  end if

14: end while

Figure 5.6 Temporal map recunstructed by ESL (Left), ours ERGBD (Right).

5.5 Experiments

This section assesses the performance of our event-based SL system for depth and color
estimation. We begin by introducing the hardware setup (Section 5.5.1), along with the
baseline methods and ground truth used for comparison (Section 5.5.2). Subsequently, we
conduct experiments on static scenes to quantify the accuracy of the proposed method and
on dynamic scenes to demonstrate its high-speed acquisition capabilities (Section 5.5.3).



55

55.1 Setup

Camera: A Prophesee Evaluation Kit 1 (EVK1) [121] with a Gen 3.0 sensor is used for
the event camera. This dynamic vision sensor o ers a resolution of 640480 pixels with a
15 um pixel pitch and only detects contrast changes. It features a dynamic range greater
than 120 dB, an average latency of 200s, and timestamps events with microsecond precision
(Figure 5.8).

Projector: To project a binary pattern at high speed (over 4 kHz), the DLP LightCrafter
4500 [122] projector utlized, it can project patterns at 912 1140 resolution in diamond
pixel con guration with a 235 s exposure period, allowing a 4.225 kHz switching rate, easily
captured by the EC (Figure 5.8). Because of the diamond pixel array of the DMD, the pixel
data does not appear on the DMD exactly as it would in an orthogonal pixel arrangement.
Figure 5.7 shows the pattern that we used to project dots in our dot-based patterns.

Calibration:  To calibrate the system, we introduced a camera-projector calibration ap-
proach speci cally designed for event-based SL. Our method involves calibrating the intrinsic
parameters of the event camera by utilizing a standard calibration tool (OpenCV [123]) on
the images generated after converting events into images. This conversion is done while ob-
serving a ickering circle-grid pattern from various angles. We chose for circle patterns over
checkerboards due to their superior performance in terms of both the quality and stability
of the nal calibration results across multiple iterations [124]. Unlike checkerboards, which
may lead to uncertainties in corner detection, circle-grid patterns allow for more precise ex-
traction of circle centers, for instance, through the calculation of the center of gravity of all
circle pixels.

Our approach for this calibration is straightforward and adaptable. We begin by setting up a
circle grid of ickering LEDs on a at surface and projecting another circle grid pattern using
the projector beside it on the board. After calibrating the intrinsic parameters of the event
camera using the LED circle-grid pattern, we proceed to calibrate the extrinsic parameters
of the camera-projector setup and the intrinsic parameters of the projector.

Once the camera calibration is complete, we determine the board's relative position, which in
turn allows us to calibrate the projector. This streamlined method enables the simultaneous
calibration of all parameters through simple operations, signi cantly reducing the complexity
typically associated with calibration processes. Furthermore, it is universally applicable to all
event-based SL systems. Figure 5.8 shows the calibration circle dot-board used for calibrating
the system.

Luo et al. [125] proposed an alternative approach for calibrating the SL camera-projector
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A B C D

Figure 5.7 The pattern of one dot with the size of 3 3 pixels in our dot-based patterns. If
we project (A) due to the diamond pixel con guration of the DMD, we will see (B) on the
object surface. Which could lead to mislocating the center of the projected dot. Therefore,
we should move red-colored pixels to blue ones in (C) and project (D) to achieve the pattern
(A) on the object's surface with a 45-degree rotation.

system. Their method involves introducing four reference planes and generating lookup
tables for pixel correspondences. While this method can enhance calibration quality, it adds
complexity to the procedure. For this work, we chose a simpler approach, but their method
could be used to achieve better accuracy if needed.

Similarly, Wang et al. [126] presented a calibration technique based on Temporal Matrices
Mapping (TMM). They utilized two temporal matrices to establish pixel correspondences

between the SL projector plane and the event camera (EC) plane. Although this approach
can improve calibration accuracy, it also increases the overall complexity of the calibration
process.

Software: We have implemented our method on the Robot Operating System (ROS). The
designed Qt-based Graphical User Interface (GUI) enables us to control the camera settings
online, and the ROS nodes to publish color and depth-stamped events alongside RGB frames
and colorful point clouds on ROS topics. More details can be found on our Event-based
RGBD ROS Wrapper [1] Git repository at github.com/MISTLab/event_based_rgbd_ros.

5.5.2 Baseline and Ground Truth

As shown in Table 5.1, the most recent related works are the ESL [69], the X-maps [70], and
the SGE [72]. Since all of them used a laser point projector with a scanning speed of 60
Hz, they were automatically excluded from comparison in high-speed real-time event-based
scanning. However, we have chosen the ESL work for comparison to the nal result since
both the ESL and the X-maps use the same type of pattern, which is raster scanning, and
this could be considered partly similar to line scanning. In addition, the ESL used a raw

recorded event le and pre-data-processing to synchronize and convert the raw event data
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Figure 5.8 Left: The experimental setup includes a DLP LightCrafter 4500 Evaluation
Module, a Prophesee evaluation kit (Gen3-VGA), and an Intel RealSense D455 (only used
for comparison). Right: The calibration circle dot-board used for calibrating the EC and
camera-projector setup, with white dots from LEDs and red dots projected by the projector.

le in the absence of triggers. This makes it more accurate (but slower) than the X-maps
method because it considers all events together rather than processing them in real-time.
More importantly, we can still generate the time-maps even by using a DLP. We did not use
the SGE method in dynamic conditions because their code is not yet publicly available.

In this task, obtaining the GT is challenging due to the lack of methods capable of producing
dense depth with accuracy above the millimeter level for natural scenes. Therefore, ESL [69]
adopts averaged MC3D [16] as their ground truth, whereas X-maps [70] employs optimized
ESL. While we acknowledge the potential for accuracy enhancement through averaging oper-
ations in depth estimation, our approach di ers due to reconstructing color alongside depth.
Given the utilization of a distinct point scanning method and projector type, we developed
our method to generate the ground truth by accumulating more events over an extended
time window (one second) and performing averaging across 10 scans.

5.5.3 Results

Static Environments:  To evaluate the outcome of the proposed method in static situations,
we have designed seven di erent setups (see Figure 5.14). We utilized line and dot patterns
in modes 3 and 4 (see Figure 5.3). It is necessary to mention that in mode 4, the color and
depth patterns are the same. However, in mode 3, di erent patterns can be used (e.g., in
mode 3, we utilized dot/line patterns to detect depth but used dot patterns to detect color).
To provide abbreviated names for each pattern sequence, we used the following method: for
example, 'M3L45' indicates mode 3 with 45 lines in the pattern for depth detection.
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D455 RGB D455 Depth Ours 17.23 ms

33 ms 33 ms

GT 10 s ESL Depth GT Dierence
155s

GT 10s Ours 17.23ms GT Dierence

Figure 5.9 Comparison of color and depth detection for Duck setup (M4L23 pattern).

Projecting 23 patterns, along with color patterns, in mode 3 takes 7.4 ms, while projecting
23 patterns three times in mode 4 takes 17.23 ms. Projecting 45 patterns along with the
color patterns in mode 3 takes 12.57 ms. To scan static objects, we used the patterns M3L45,
M3D45, and M4L23.

Each pattern falls into one of three categories: wide, normal, and dense. To indicate the
category, we used Coverage Percentage (CP). To calculate the CP, we consider the area size
between the rst and last lines rather than the entire projector plane. Otherwise, considering
45 lines dense or sparse would yield the same CP. In general, a higher CP in our case indicates
a denser pattern with a smaller eld of view (FOV), while a lower CP suggests a more sparse
pattern that covers a larger area with a higher FOV.

Our evaluation spanned three di erent speeds: 1, 26, and 58 fps. However, as mentioned
in Subsection 5.4.2, our system is an event-based model rather than a frame-based one. To
create rain cloud gures (Figures 5.10 and 5.11), we used raincloud plots [127] over more
than 25k frames of data.

The Analysis of Variance (ANOVA) tables (Tables 5.2 to 5.6) demonstrate signi cant e ects
of both the Speed and CP factors (as well as their interaction), on the dependent variables
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(PSNR, RMSE, and FR). Residuals meet the normality assumption, supported by Q-Q plots
in Figures 5.12 and 5.13, validating the model. This enhances the reliability of the ANOVA
results for RMSE, PSNR, and FR, con rming statistical validity under normality assump-
tions. To generate ANOVA tables, we used JASP [128].

Figure 5.9 illustrates color and depth detection for the Duck setup using pattern M4L23.
Our method achieves depth frame reconstruction about 90 times faster than the ESL method,
while also simultaneously reconstructing color. Compared to RealSense, our method provides
sharper and more accurate results. For a comprehensive comparison of all setups in a static
scenario, refer to Figure 5.14.

Dynamic Environments: To evaluate the outcome of the proposed method in dynamic
situations, we have designed ve dierent setups. To scan dynamic objects, we used the
patterns M3D45, M3L23, and M3D23. We did not utilize pattern M4L23, although it has
better output in terms of color in low-speed scanning. This is because considering the number
of patterns that it needs to project, the total scanning speed could decrease, which is critical
in dynamic conditions.

Since there is no GT as mentioned in Subsection 5.5.2, we could not provide FR or RMSE for
dynamic experiments. Figure 5.15 shows the color and depth detection of a volleyball ball
being thrown up in front of the setup at a distance of approximately 1.5 m, using pattern
M3L23. It also shows that the D455 sensor captured a slightly blurred RGB image, and the
depth detection is not sharp and accurate.

5.6 Conclusion

This study introduces a method for generating colored point clouds with adjustable speed
and resolution, enabling depth map creation in challenging environments like dynamic and
low-light conditions, even with stationary cameras or objects.

Results show that denser scanning patterns provide more accurate data for smaller elds of
view (FOV), while sparser patterns cover larger areas. Using fewer patterns, we achieved
a scanning time of 7.4 ms, signi cantly faster than the RealSense D455 (33 ms) and the
ESL method (2 to 5 seconds). This method balances detail and speed e ectively, o ering
improved speed control and enabling color reconstruction.

Using this setup, we achieved color scanning speeds up to 1.4 kHz (Mode 1, as investigated in
our previous work) and pixel-based depth scanning speeds up to 4 kHz (Mode 2 witk 1).

This provides a continuous stream of annotated events with color and depth, along with
detailed, colorful point cloud output. The method shows versatility across static and dynamic
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Figure 5.10 Comparison of color detection for all setups at di erent speeds.

environments, introducing an innovative strategy for balancing resolution and acquisition
speed.

In light of the ndings and outcomes of this study, several promising avenues for future
research have emerged:



Figure 5.11 Comparison of depth detection for all setups at di erent speeds.

Table 5.2 Analysis of Variance (ANOVA) for the Color PSNR

Cases Sum of Squares df Mean Square F p
Speed 16402853 2 8201826 1156837 < .001
CP 33584097 5 671819 947513 < .001
Speed * CP 6169435 10 61013 87025 < .001
Residuals 8919290 12582 089

Table 5.3 Analysis of Variance (ANOVA) for the Color RMSE

Cases Sum of Squares df Mean Square

F p
Speed 22523Q39 2 11261970 7267745 < .001
CP 42003544 5 840709 542150 < .001
Speed * CP 1256219 10 125@72 81075 < .001

Residuals 19496@57 12582 1395
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Table 5.4 Analysis of Variance (ANOVA) for the Color FR

Cases Sum of Squares df Mean Square F p
Speed 1814 10%¢ 2 906934152 888479 < .001
CP 1.897 10'6 5 379446459 3717037 < .001
Speed * CP 658318623 10 6583162 644879 < .001
Residuals 1284 10 12582 102083
PSN§ RMSE FR
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Figure 5.12 Quantile-Quantile plots of the color detection dataset.

Table 5.5 Analysis of Variance (ANOVA) for the Depth RMSE

Cases Sum of Squares df Mean Square F p
Speed 136 107 2 5680 10 4288971 < .001
CP 6:380 107 6 1063 107 8028498 < .001
Speed * CP 6595 10%° 12 549596715 414970 < .001
Residuals 1666 107 12579 132425

Table 5.6 Analysis of Variance (ANOVA) for the Depth FR

Cases Sum of Squares df Mean Square F p
Speed 51831917 2 25915858 3401744 < .001
CP 1:689 10 6 281427178 3694053 < .001
Speed * CP 32942234 12 2745686 360835 < .001
Residuals 95831616 12579 7484
1. Optimizing resolution of color and depth detection by projecting a denser pat-

tern in a specic area could be achieved through the implementation of a movement
detection algorithm during SL light downtime or by using a secondary camera to detect
movement in parallel.

2. Increasing scanning speed at the cost of higher bandwidth usage, while reducing
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Standardized Residuals

Theoretical Quantiles

Figure 5.13 Quantile-Quantile plots of the depth detection dataset.

resolution, can be achieved by projecting white-colored patterns when utilizing a color
event camera (EC).

3. Optimizing depth measurement  based on the SL wavelength and the object's sur-
face color by controlling the current of each LED of the projector.

4. Increasing the scanning range by a few meters while maintaining accuracy could
be achieved by using a Near-IR projector instead of capturing color.
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Figure 5.14 Comparison of color and depth detection for static scenes between RealSense
D455, ESL, and ERGBD (ours). Noting that the available code for ESL needs to create a
temporal map as a numpy array from a recorded raw le, we did not include the time required
for these processes in our calculations. We only considered the time needed for calculating
depth from those les. The operating system had an NVIDIA(R) GeForce RTX(TM) 2060
6GB GPU and an Intel Core i7-9750H CPU with 16GB of memory.
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Figure 5.15 Comparison of color and depth detection for dynamic scenes (setup with ball
number one) between RealSense D455 (top row, right and left) and our system (middle,
using pattern M3L23).



66

Figure 5.16 Series of images showing color and depth detection for dynamic scenes, scanned
in 7.4 to 17.23 ms using the M3L23 pattern. The images in the rst column from the left
were captured by the RealSense D455 for comparison, which took 33 ms.
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CHAPTER 6 GENERAL DISCUSSION

6.1 Features and Advantage of the Proposed Method

6.1.1 Detecting color with monochrome camera

Color information is essential for tasks like segmentation and recognition [30]. Colorization
creates a color image from a monochrome or grayscale sensor while maintaining resolution.
This method uses external color data from a device [31], user input [32], or a trained neural
network incorporating scene-speci c colors [33,34]. However, it can be time-consuming and
costly.

Compared to color ECs, despite higher bandwidth needs and reduced resolution, color ECs
struggle to detect changes in a static or slowly moving environment.

Our approach optimizes bandwidth usage by activating color detection only when necessary
and in speci c areas. Additionally, it gathers environment data without requiring mechanical
movement of the camera or robot, enhancing system reliability. Moreover, our method can
leverage the advantages of high-resolution monochrome ECs in low-light conditions, despite
the potential for increased noise compared to low-resolution ECs [98].

6.1.2 Real-time depth detection per pixcel

In Chapter 5, we discussed how current SL-based methods for depth detection require pro-
jecting various patterns (such as binary or coded patterns) to calculate the depth of each

pixel. We cannot call it event-based depth detection when it requires projecting several

patterns to measure the depth of a single pixel.

Our proposed method detects the depth of each pixel individually, eliminating the need to
aggregate all events. It also avoids stereo matching searches and provides depth for upcoming
events directly, without requiring complex computations. With our approach, we achieve per-
pixel depth detection ten times faster than current methods, such as ESL [69].

6.1.3 Controling trade-o between speed and details

Methods like X-maps [70] or ESL [69], cannot adjust pattern density for wider elds of view,
which limits their ability to balance speed and detail e ectively.

Our approach features dynamic projection adjustments to optimize bandwidth and e ectively
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capture color and depth data, enabling the creation of detailed, colorful 3D maps without
compromising spatial clarity. Color information is selectively detected only when needed.
Introducing Adaptive Structured Light (ASL) allows us to balance speed and detail: dense,
colorful point clouds for narrow elds of view (FOV) or faster, sparser point clouds for wider

FOV by projecting shorter patterns all achievable with our proposed method.

6.2 Technical Challenges and Solutions

6.2.1 White balance

As described in Chapter 3, adjusting white balance and color correction are crucial for achiev-
ing accurate colors in captured images. Generally, white balance can be adjusted before or
after taking a photo. Using a DLP projector to generate white light directly impacts white
balance because the color temperature or warmth/coolness of the light can modify it. DLP
projectors utilize red, green, and blue LEDs, which can present challenges in producing
LED-based white light with wideband wavelength RGB LEDs [99 101]. However, since DLP
projectors use narrowband LEDs, adjusting white balance is possible by individually changing
the current of each LED.

However, detecting color through re ection means that the intensity of the light source and
its re ection can in uence white balance. For example, the number of received events from
re ections of di erent colored lights may vary based on the object's distance. To address this
issue, one solution could be adjusting the light intensity according to the object's distance
to maintain consistent white balance in varying conditions.

6.2.2 Field of view

As menthioned in Chapter 5, we used a horizontal stereo setup, which resulted in our narrow
and dense pattern being oriented vertically. This setup provided us with more data above
and below the object in front. However, in some projects, having data on the left and right
sides of the object in front of the camera is more critical. To address this, one could use a
vertical stereo setup by placing the camera on top of the projector and projecting horizontal
lines instead of vertical ones. In this con guration, the eld of view of the narrow, dense
patterns would cover a wider angle in yaw instead of pitch.
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6.2.3 Black objects

Since the proposed method relies on visible light and its re ection, detecting black objects
can be challenging. One solution to this issue is to periodically vary the projector's intensity

for the same pattern. This ensures that events are detected even for black objects in front of
the camera.

Alternatively, if color detection is not necessary, near-infrared projectors from DLP can be
used. They can project the same pattern with the same con guration without concern for
color, enabling depth detection of all objects in the environment regardless of their color or
the intensity of the light source.

6.3 Potential Commercial Applications

The proposed event-based RGB-D method opens doors to diverse commercial applications,
leveraging its unique capabilities in augmented and virtual reality (AR/VR) experiences,
content creation and production, and collaborative robotics and automation.

6.3.1 Augmented and Virtual Reality (AR/VR) Experiences

Event-based RGB-D technology enhances AR/VR gaming and simulations by providing real-
time depth perception and spatial mapping. This enables interactive experiences where users
can seamlessly interact with virtual objects and environments. For instance, in gaming,
precise depth data allows for accurate object placement and interaction, enhancing realism
and user immersion. Simulations benet from dynamic environment modeling, enabling
instant capture and integration of changes in lighting or object positions for a more responsive
user experience.

Another potential commercial application in this eld is to integrate multiple devices and
use one as the leader. By projecting a speci ¢ pattern, we could achieve synchronized spatial
and temporal perception. Figure 6.1 illustrates a potential setup for this application. In
Figure 6.1, all robots equipped with our method can generate spatial perception. One robot
can project a pattern to synchronize spatial and temporal perception among all surrounding
robots. This capability is enabled by our method, which employs EC and potentially allows
for detection of the projected pattern frequency.
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Figure 6.1 Combining projection with event-based cameras to obtain synchronized spatial
and temporal perception.

6.3.2 Content Creation and Production

Event-based RGB-D technology will revolutionize content creation in Im, video production,
and virtual set design by enabling super-fast real-time 3D object modeling. Filmmakers and
designers will be able to capture detailed models of objects with precision using event-driven
RGB-D data. This technology will facilitate the rapid integration of virtual elements into
live-action scenes and empower designers to create virtual environments with accurate spatial
dimensions.

6.3.3 Collaborative Robotics and Automation

Robots equipped with this technology gain real-time awareness of their surroundings and can
recognize objects, improving their ability to work safely alongside humans in shared spaces.
For example, collaborative robots (cobots) can navigate through complex environments with-
out colliding with humans and can adjust their actions based on real-time changes. This
technology supports tasks like handling and assembling objects by providing precise depth
information, ensuring accurate interaction with tools and components.
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6.4 General Impact of the Proposed Method

The premise of this work is that combining the strengths of Event-based Cameras (ECs) and
Active Structured Light (ASL) can signi cantly advance RGB-D sensing technology. As the
demand for real-time, high-resolution 3D data increases in elds like robotics and 3D recon-
struction, our novel approach addresses the limitations of current methods in balancing detail
and speed. By utilizing dynamic projection adjustments and a commercial Tl LightCrafter
4500 projector with a single monochrome EC, we achieve accurate and vivid point clouds
without compromising spatial resolution.

This project develops systems that optimize bandwidth and enhance the adaptability of
RGB-D sensing in both static and dynamic environments. The ability to selectively detect
color and depth data ensures e cient performance, paving the way for continuous streams
of annotated events that provide both color and depth information. This innovation in
RGB-D sensing technology not only improves data acquisition speeds but also maintains
high accuracy, making it a signi cant contribution to the advancement of computer vision
applications.

We also have implemented our method on the Robot Operating System (ROS), and it is
publicly available online as the Event-based RGBD ROS Wrapper [1] on our Git reposi-
tory at github.com/MISTLab/event_based_rgbd_ros. This software extends the Prophesee
ROS wrapper [129] by enabling online control of camera settings and publishing color and
depth-stamped events alongside RGB frames and colorful point clouds on ROS topics. All
functionalities are controllable through Graphical User Interfaces (GUI) designed with Qt
software.

The provided driver package includes the following nodes:

1. publisher: Publishes color and depth stamped events from the Prophesee sensor on
ROS topics, aided by the DLP projector.

2. frame_generator:  Generates and publishes frames based on published events from
the publisher node.

3. viewer: Visualizes published frames from the frame_generator node.

4. camera_gui_node: Controls camera parameters, manages frame publishing, and
calibrates the camera.

The additional features of the provided software are as follows:

1. Includes message types for event and frame data.
2. O ers various services to adjust camera settings, control publishing topics, and manage
regions of interest, enhancing the overall exibility and functionality of the system.
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This software package enables researchers and developers to use event-based RGB-D sensing
e ectively in their ROS projects. It helps process data in real-time, visualize information,

and interact with it. These capabilities drive innovation in elds like self-driving robots,
identifying objects, and human-robot teamwork. The software's ease of use and powerful
features make it a key tool for pushing forward RGB-D sensing technology.

In addition to the aforementioned general impacts, this work will impact on four dimensions:

6.4.1 Academia (People and Knowledge)

By pioneering the integration of Dynamic Projection and Event-based Camera technologies
for RGB-D sensing, this project will advance the academic agenda in computer vision and
robotics. It establishes new methodologies for real-time color and depth detection at the
pixel level, in uencing future research in 3D reconstruction and spatial perception. This
novel approach bridges traditional camera-based imaging with dynamic projection techniques,
providing insights into e cient data acquisition and processing methods essential for next-
generation robotics.

6.4.2 Industry and the Economy

The innovations developed in this project are essential for advancing RGB-D sensing capa-
bilities in robotics and automation sectors. By achieving real-time, high-resolution color and
depth mapping with reduced computational demands, this technology enhances the reliabil-
ity and e ciency of autonomous systems used in mobile robot applications within industry.
These robots require accurate perception of their environment to navigate safely and e ec-
tively, which contributes to signi cant cost savings through increased operational speed and
accuracy.

6.4.3 Space Applications

Integrating advanced RGB-D sensing capabilities into robotic systems holds signi cant promise
for space exploration projects, particularly in lunar missions aimed at creating detailed point
clouds. This technology enhances depth perception and color mapping capabilities, promising
more accurate and comprehensive mapping of environments, such as lunar surfaces. Such ad-
vancements could revolutionize the way we explore and understand celestial bodies, enabling
safer navigation and more e cient resource utilization on the Moon and beyond.
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6.4.4 Society

Integrating advanced RGB-D sensing into robotic systems signi cantly enhances their ability

to assist in households or aid humans at home. This technology improves depth perception
and color mapping, ensuring safer and more e cient operations in dynamic environments.
By seamlessly integrating autonomous systems into daily life, it enhances overall safety and
e ciency. Robots equipped with these capabilities can navigate complex household environ-
ments with precision, ensuring tasks are performed accurately while minimizing potential
risks to users. This innovation not only revolutionizes how robots interact with human en-
vironments but also encourages trust and acceptance of autonomous technologies in society,
accelerating their integration into everyday life.
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CHAPTER 7 CONCLUSION

This study presents a way to create colored point clouds with customizable speed and detail.
It allows for depth map creation in di cult settings, such as moving environments or low-light
conditions, even when cameras or objects are not moving.

7.1 Summary of Works

We introduced a novel method utilizing a DMD projector to generate Active Structured Light
(ASL) alongside a monochrome Event-based Camera (EC) for RGB-D sensing. By integrat-
ing the strengths of ECs and projection-based techniques, we achieved real-time detection of
color and depth for every pixel. Dynamic adjustments in projection optimized bandwidth,
facilitating selective color data detection and producing vivid point clouds without compro-
mising spatial resolution. Utilizing a commercial TI LightCrafter 4500 projector and a single
monochrome EC, we accomplished frameless RGB-D sensing with reliable results.

The results demonstrate that denser scanning patterns yield denser and more accurate data
but cover smaller elds of view, whereas sparser patterns are capable of covering larger
areas. By employing di erent numbers of patterns, our method achieves a scanning time of
7.4 ms, signi cantly faster than both the RealSense D455 (33 ms) and the ESL method (2
to 5 seconds). This balance between detail and speed e ectively enhances speed control and
enables color reconstruction.

Our setup achieves color scanning speeds of up to 1.4 KHz and pixel-based depth scanning
speeds of up to 4 KHz. This enables a continuous stream of annotated events providing both
color and depth information, generating detailed, colorful point clouds. The method demon-
strates adaptability in static and dynamic environments, introducing an innovative strategy
that balances resolution and acquisition speed. This advancement signi cantly enhances
computer vision applications, spanning elds from robotics to 3D reconstruction.

7.2 Limitations

One primary advantage of ECs lies in their rapid response time, typically in the microsecond
range. However, with the method introduced here, we must collect events for each color indi-
vidually, thereby constraining the speed of color detection to the maximum rate at which the
DLP projector can switch patterns. Similarly, the speed of depth detection across the entire
eld of view is restricted by the maximum pattern-switching speed of the DLP projector.
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Another limitation of the proposed method arises from its reliance on visible light. This
restricts both depth and color detection to materials that are optically straightforward and
do not alter or absorb light wavelengths. Materials such as uorescent substances could pose
challenges for detection using this approach.

Because this method operates actively, the detection range may be constrained by the power
of the projector. This limitation can impact the accuracy of color detection and, especially,
depth detection for darker materials at longer distances. Using a higher-power projector
could potentially resolve these issues for long-range scanning.

7.3 Future Research

Based on the ndings and outcomes of this study, several promising directions for future
research have surfaced:

Enhancing resolution in color and depth detection: This could be achieved by
projecting denser patterns in targeted regions, possibly integrating a motion detection
algorithm during SL light idle periods or employing a secondary camera for concurrent
motion detection.

Increasing scanning speed: Achieve higher speeds, albeit with increased bandwidth
usage and reduced resolution, by projecting white-colored patterns when using a color
EC.

Optimizing depth measurement: Adjust based on the SL wavelength and object
surface color by controlling the current of each LED of the projector.

Increasing scanning range: Extend the scanning range by deploying a Near-IR
projector instead of capturing color.

Investigating the output of the projector: Explore the color-encoded point cloud
generated by the projector in SLAM applications to utilize color information for loop
closure detection.
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