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Abstract

This research proposes solutions to the challenges of integrating event cameras into real-

world applications, with a speci�c focus on in-cabin driver monitoring systems (DMS). While

the world's �rst event-based DMS demonstrated the ability to track a driver's face, count

blinks, and estimate head pose and gaze under controlled of�ce lighting, it's performance was

degraded under real-world driving conditions. Factors such as varying lighting environments

(e.g., day, night, �ickering, and unevenly lit roads) and interference from in-cabin screens or

sensors adversely affected performance.

To address these challenges, �rst, we propose novel mathematical metrics, and utilize

others including average gradient (AG) and YOLO con�dence scores to quantitatively assess

DMS performance. Second, a performance monitoring framework was proposed, leveraging

these metrics to guide system optimization. Third, a convolutional neural network (CNN)

was employed to detect and mitigate speci�c lighting issue, �ickering. Finally, a fully blind

optimization approach, using Nelder-Mead algorithm, was implemented to dynamically tune

event camera biases (e.g., bias_fo, bias_diff_on, bias_diff_off, bias_refr, and bias_hpf). This

approach ensures robust system performance and optimized control of event output without

requiring additional �lters, thereby minimizing design complexity.

The proposed methods signi�cantly enhance event camera performance, improving

reliability in challenging scenarios such as low-light environments, high-frequency �ickering,

and other dynamic conditions. While the focus of this work is primarily on DMS, the

�ndings lay the groundwork for broader applications of event cameras in �elds such as

robotics, augmented reality, and smart cities. Future work will explore AI-driven adaptive

optimization strategies and domain-speci�c metrics to further enhance the potential of event

cameras in next-generation technologies.

By bridging the gap between sensor technology and real-world requirements, this research

demonstrates that event cameras can transform driver monitoring systems and open up

opportunities for advancements in automotive safety, automation, and precision vision

systems.
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Chapter 1

Introduction

1.1 Problem De�nition and Research Motivation

In recent years, there has been an increasing demand for real-time, intelligent systems

capable of interpreting human behavior in dynamic environments. One critical application

of such systems is in the automotive industry, where Driver Monitoring Systems (DMS)

play a crucial role in improving road safety. These systems assess driver attention, detect

drowsiness, monitor gaze direction, and observe facial expressions to reduce the risk of

accidents caused by human error. As autonomous and semi-autonomous driving technologies

advance, the integration of robust DMS solutions becomes increasingly vital to ensure safe

human-machine interaction and support driver accountability.

Traditional DMS solutions typically rely on frame-based cameras and conventional

computer vision algorithms to track facial landmarks, eye movements, and head orientation.

While effective in controlled environments, these systems face notable challenges in real-

world scenarios. Changes in ambient lighting, rapid movements, and partial occlusions

often degrade performance. Frame-based cameras operate at �xed frame rates and capture

redundant information, resulting in high latency, motion blur, and increased computational

load. These limitations reduce the reliability and responsiveness of conventional DMS,

especially in fast-changing or low-light conditions such as night driving, direct sunlight, or

tunnel transitions.

To overcome these challenges, there is a growing interest in alternative imaging technolo-

gies such as event cameras. Event cameras represent a shift in visual sensing. In contrast

to conventional cameras that capture full-frame images at predetermined intervals, event

cameras operate asynchronously at the pixel level. Each pixel independently and continu-

ously monitors changes in brightness and reports an event only when a change exceeds a

certain threshold. This event-driven mechanism allows for extremely low latency, in the
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order of microseconds, high temporal resolution, and superior dynamic range compared

to the frame-based technology. These characteristics make event cameras an ideal option

for environments with fast motion or extreme lighting conditions where traditional DMS

technologies are not reliable.

Moreover, event cameras generate sparse data streams instead of dense image frames.

This sparsity offers signi�cant advantages in terms of reduced bandwidth, lower power

consumption, and faster downstream processing. These features are highly desirable in

automotive contexts where energy ef�ciency, computational speed, and system reliability are

of great importance.

Despite these advantages, event cameras also present new challenges. Their data format

requires developing new vision algorithms and processing pipelines. Another challenge is that

the performance of event cameras is heavily in�uenced by internal parameters known as bias

settings. These parameters manage the sensitivity of the camera to changes in illumination

and affect the rate and quality of event generation. Currently, the tuning of these biases

is often done manually and heuristically, which can lead to suboptimal performance and

inconsistent results across different environments or subjects.

This research is driven by the requirement to effectively utilize event cameras full potential

for DMS applications. It addresses several important questions: How can we systematically

optimize bias settings to improve event quality? Can we design automatic tuning mechanisms

that adapt to changing conditions in real time? How can we evaluate the performance of

event-based DMS in a reliable manner?

To answer these questions, this thesis proposes a set of contributions that combine signal

processing, computer vision, and deep learning. The goal is to bridge the gap between raw

event data and reliable, high-performance DMS functionality. By tackling challenges such

as �icker mitigation, adaptive bias control, and metric development, this work advances the

state of the art in both event camera research and its practical deployment in human-centric

applications.

The contributions of this thesis aim to make event-camera-based DMS more robust,

adaptable, and ready for real-world applications. The broader implications extend beyond

automotive safety, offering insights and methodologies applicable to other domains requiring

real-time human sensing under challenging lighting conditions, such as robotics, surveillance,

healthcare, and augmented reality.

Python scripts developed during this research will be publicly available at:

"https://github.com/msd1369".
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1.2 Research Contributions

This research enhances event camera capabilities for DMS by introducing a set of method-

ologies based on deep learning and mathematical optimization. Key contributions include:

1. Bias Optimization for Event Cameras: Development of methods to tune bias settings

that affect event generation, using image analysis metrics (e.g., Average Gradient) to

quantify output quality and improve system performance.

2. Novel Metrics for DMS Evaluation: Introduction of speci�c metrics developed for

event-based DMS, assessing critical tasks such as face tracking, gaze estimation, and

blink detection with a focus on robustness and real-world applicability.

3. Autobiasing Algorithms: Design and implementation of CNN-driven autobiasing

systems that dynamically adjust bias settings to mitigate �icker and adapt to varying

lighting conditions in real time.

4. Multi-Bias Optimization: Extension of autobiasing to manage all bias parameters si-

multaneously, enabling fully adaptive camera behavior in complex visual environments

without manual tuning.

5. Foundational Work on AI and Augmentation: Redevelopment of the Smart Aug-

mentation (SA) algorithm in PyTorch, supporting model training with limited or

imbalanced datasets and developing skills to work more effectivly on event camera

based systems.

These contributions are rooted in practical experimentation and industry collaboration,

particularly with FotoNation Ireland (formerly Xperi Inc.), where initial systems were tested

and re�ned.

1.3 Thesis Structure

The remainder of this thesis is structured as follows:

• Chapter 2 introduces event cameras, their internal circuitry, bias settings, and their

application in driver monitoring systems. It includes a detailed review of the �rst

event-based DMS developed at FotoNation.

• Chapter 3 explores the impact of bias modi�cations on event stream quality and DMS

performance, introducing metrics to evaluate performance.
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• Chapter 4 presents an autobiasing system to mitigate �ickering using CNNs and real-

time bias tuning, signi�cantly improving performance in dynamic lighting conditions.

• Chapter 5 extends autobiasing to all bias settings, enabling robust adaptation to a wide

range of environments, such as varying ambient lighting.

• Chapter 6 details supporting research into smart data augmentation and foundational

AI skill-building that contributed to the development of the main methodologies.

Co-authorships on other research projects will also be introduced in this chapter.

1.4 List of Publications

This section presents the papers I published as the main author, based on the results of this

research. I have also contributed to other projects and publications, which will be introduced

in Chapter 7- Foundation Works and Additional Contributions.

1. M. S. Dilmaghani, W. Shariff, C. Ryan, J. Lemley, and P. Corcoran, "Control and

Evaluation of Event Cameras Output Sharpness vs Bias," in Proc. 15th Int. Conf.

Mach. Vis. (ICMV 2022), vol. 12701, pp. 455–462, Jun. 7, 2023, SPIE [16].

This paper is explained in the �rst part of Chapter 3 and the full text is included in

appendix A, in detail. Table 1.1 represents the contribution of each of the authors in

different stages of the publication of this paper.

Table 1.1 Authors' Contribution to the Paper [16]. MSD: Mehdi Se�dgar Dilmaghani, WSh:
Waseem Shariff, CR: Cian Ryan, JL: Joe Lemley, PC: Peter Corcoran

Contribution Criteria Contribution Percentage

Research Idea MSD 80%, CR 5%, JL 5%, PC 10%

Experiments, Implementation, Data Collection MSD 75%, WSh 20%, JL 5%

Background MSD 90%, WSh 10%

Manuscript Preparation MSD 70%, WSh 10%, PC 20%

2. M. S. Dilmaghani, W. Shariff, M. A. Farooq, J. Lemley, and P. Corcoran, "Optimization

of Event Camera Bias Settings for a Neuromorphic Driver Monitoring System," IEEE

Access, Feb. 29, 2024 [17].

This paper is explained in the second part of Chapter 3 and the full text is included in

appendix B, in detail. Table 1.2 represents the contribution of each of the authors in

different stages of the publication of this paper.
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Table 1.2 Authors' Contribution to the Paper [17]. MSD: Mehdi Se�dgar Dilmaghani, WSh:
Waseem Shariff, MAF: Muhammad Ali Farooq, JL: Joe Lemley, PC: Peter Corcoran

Contribution Criteria Contribution Percentage

Research Idea MSD 75%, WSh 10%, JL 5%, PC 10%

Experiments, Implementation, Data Collection MSD 85%, WSh 10%, JL 5%

Background MSD 60%, WSh 40%

Manuscript Preparation MSD 70%,WSh 15%,MAF5%,PC 10%

3. M. S. Dilmaghani, W. Shariff, C. Ryan, J. Lemley, and P. Corcoran, "Autobiasing event

cameras for �ickering mitigation," under review.

This paper is explained in Chapter 4, in detail and the full text is included in appendix

C. Table 1.3 represents the contribution of each of the authors in different stages of the

publication of this paper.

Table 1.3 Authors' Contribution to Autobiasing for Flickering Mitigation Paper. MSD: Mehdi
Se�dgar Dilmaghani, WSh: Waseem Shariff, CR: Cian Ryan, JL: Joe Lemley, PC: Peter
Corcoran

Contribution Criteria Contribution Percentage

Research Idea MSD 80%, CR 10%, JL 5%, PC 5%

Experiments, Implementation, Data CollectionMSD 85%, WSh 5%, JL 5%, CR 5%

Background MSD 60%, WSh 40%

Manuscript Preparation MSD 70%, WSh 15%, PC 15%

4. M. S. Dilmaghani, W. Shariff, C. Ryan, J. Lemley, and P. Corcoran, "Autobiasing event

cameras," arXiv preprint arXiv:2411.00729, Nov. 2024 [18].

This paper is explained in Chapter 5, in detail and the full text is included in appendix

D. Table 1.4 represents the contribution of each of the authors in different stages of the

publication of this paper.
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Table 1.4 Authors' Contribution to the Paper [18]. MSD: Mehdi Se�dgar Dilmaghani, WSh:
Waseem Shariff, CR: Cian Ryan, JL: Joe Lemley, PC: Peter Corcoran

Contribution Criteria Contribution Percentage

Research Idea MSD 80%, CR 10%, JL 5%, PC 5%

Experiments, Implementation, Data CollectionMSD 85%, WSh 5%, JL 5%, CR 5%

Background MSD 60%, WSh 40%

Manuscript Preparation MSD 70%,WSh 10%,JL 5%,PC 15%



Chapter 2

Introduction to Event Cameras

2.1 Event Cameras

2.1.1 Technology Before Event Cameras

Standard frame-based cameras are widely used in both consumer and technical applications.

Their affordability and mass production, leads to their increasing adoption across various

�elds. Recent advancements in AI algorithms and the hardware to support them have

unlocked new possibilities for complex computer vision applications. However, frame-based

cameras confront limitations such as restricted frame rates, high power consumption, and

substantial memory requirements. These constraints create a bottleneck in fully realizing the

potential of advanced computer vision systems.

Figure 2.1 illustrates the imaging mechanism of rolling shutter (RS) and global shutter

(GS) CMOS cameras. In GS cameras, all pixels on the sensor are exposed simultaneously,

whereas in RS cameras, exposure occurs row by row, sequentially. The main advantage of GS

is in high-speed applications where fast-moving objects must be captured without distortion.

In such scenarios, RS cameras can introduce artifacts due to the staggered row-wise exposure,

making them unsuitable. However, for ordinary applications, RS cameras are preferred due

to their lower power consumption, simpler and smaller circuitry, and reduced computational

and memory requirements for readout.
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Fig. 2.1 Imaging mechanism in (a) Global shutter cameras (b) Rolling shutter cameras [1].

GS cameras outperform RS cameras in terms of capturing speed in daylight conditions

[21]; however, their recording speed is still limited by factors such as power consumption,

memory bandwidth, computational demands, and readout times. While RS cameras are

renowned for their optimized performance in consumer applications, they employ a row-

by-row readout mechanism that still consumes signi�cant power and requires additional

resources for processing frames after capture.

Figure 2.2 illustrates the transistor-level schematic of each pixel in both shutter types. As

shown, the GS architecture is more complex than that of the RS architecture.

Fig. 2.2 Internal circuit of each pixel in (a) Global shutter cameras (b) Rolling shutter cameras
[2].
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Rolling Shutter (RS) Pixel Circuit:

PD (Photodiode): This is where photons are converted into an electrical charge. The

photodiode accumulates charge in proportion to the light intensity over time.

TX (Transfer Gate): This transistor transfers the charge from the photodiode to the

�oating diffusion (FD) node when triggered.

FD (Floating Diffusion): This node temporarily holds the charge transferred from the

photodiode.

SF (Source Follower): The transistor acts as a buffer to read out the voltage from the

�oating diffusion to the output without loading it heavily.

SEL (Select Transistor): This transistor selects the row for readout.

RES (Reset Transistor): This resets the FD node before the next frame capture by pulling

it to a reference voltage.

Global Shutter (GS) Pixel Circuit:

The global shutter architecture is more complex due to the additional components required

to capture all pixels simultaneously.

PD (Photodiode): Similar to RS, this is where photons are captured.

MEM (Memory Element): This key component stores the charge from the photodiode

after each pixel is exposed to light, allowing the pixel to retain the signal until all pixels

have been exposed. This is essential because it preserves all pixel values until the readout is

complete.

TX, SF, FD, RES, and SEL: These components function similarly to those in the RS

circuit, but additional components support simultaneous pixel exposure.

OFD (Over�ow Drain), OG (Over�ow Gate), and GS (Global Shutter Control Transistor)

are transistors responsible for managing signal over�ow and controlling pixel exposure

timing in GS systems. Over�ow (saturation) occurs when a pixel captures more light than it

can handle, causing the pixel value to reach its maximum. This issue is especially critical in

GS cameras, where all pixels are exposed simultaneously. Over�ow in one pixel can affect

neighboring pixels due to charge coupling or crosstalk. It also degrades overall image quality

as there will be no detail in areas of saturated pixels. In contrast, in RS cameras rows are

exposed sequentially. This process, prevents over�ow in one row from affecting pixels in

other rows.

In today's applications, cameras must be capable of capturing fast-moving objects without

limitations related to frame rate, power consumption, or memory constraints which are seen in

frame-based cameras. Event cameras offer unique advantages in this regard, as they operate

at the pixel level, detecting small spatio-temporal clusters of activity. This enables event

cameras to effectively achieve higher sensing rates for speci�c motion or activity detection
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compared to conventional cameras. However, it is important to note that event cameras are

not optimized for reconstructing full-frame images at high frame rates and would struggle

to match the frame rate of conventional cameras, such as modern smartphones capable of

capturing 240 fps bursts. This distinction highlights the strength of event cameras in sensing

applications, where they excel at extracting certain types of data in real time, rather than

traditional imaging.

2.1.2 Event Cameras- A Novel Technology

Event cameras, a relatively novel type of vision sensors, represent a signi�cant difference

from traditional frame-based cameras. In contrast to conventional cameras that capture

images at �xed time intervals, event cameras respond asynchronously to changes in the scene

at the pixel level. Each pixel in an event camera operates independently, detecting changes in

light intensity and only transmitting data when a change occurs, thus capturing the temporal

dynamics of a scene with high precision [3, 22]. This technology, rooted in the principles of

neuromorphic engineering, is similar to the human retina, providing several advantages over

frame based cameras, such as high temporal resolution, low power consumption, and high

dynamic range compared to the frame-based cameras. Event cameras excel in challenging

lighting conditions and high-speed environments, where frame-based cameras suffer from

motion blur and latency issues [23, 24]. The development of event cameras has progressed

rapidly, because of advancements in sensor technology and a growing interest in robotic

and automotive applications. These cameras are particularly suited for environments that

require real-time processing and where energy ef�ciency is critical [22, 25]. Recent research

has focused on integrating event cameras with conventional vision systems and leveraging

machine learning techniques to enhance their utility. The ability of event cameras to provide

detailed visual information in real-time makes them promising for applications in autonomous

driving, augmented reality, and other �elds requiring advanced vision capabilities [26, 27].

2.1.3 History and State of the Art of Event Camera Technology

Event cameras, also known as Dynamic Vision Sensors (DVS), were �rst introduced in the

early 2000s. The early development of event cameras focused on the hardware itself, with

foundational work laying out the principles of asynchronous pixel operation and logarithmic

light response. As the technology matured, research in the late 2010s began to emphasize

practical applications and algorithm development. Notable milestones include the release of

datasets like CIFAR10-DVS and MVSEC, which provided benchmarks for object classi�ca-
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tion and 3D perception, and the introduction of simulators such as ESIM that accelerated

research without requiring physical sensors.

From 2017 onward, the �eld saw a wave in deep learning-based techniques adapted for

event data, including gesture recognition, optical �ow, image reconstruction, and stereo depth

estimation. Self-supervised learning frameworks and spatiotemporal neural architectures

became prominent, addressing the unique nature of sparse event streams. The introduction of

hybrid datasets combining event and frame-based data further improved algorithm training

and evaluation.

Recent years, 2022–2024, have seen continued evolution with high-resolution sensors,

spiking neural networks, and event-driven transformers, pushing the boundaries of perfor-

mance in tasks such as 3D reconstruction, object tracking, and motion deblurring. Tools such

as the v2e toolbox and new datasets including EventNeRF and eTraM have enhanced the

realism and accessibility of event-based research. Additionally, the integration of event cam-

eras with neural radiance �elds and hierarchical learning has shown promise for applications

in autonomous driving, robotics, and surveillance.

Today, event camera technology stands at the intersection of neuromorphic engineering

and arti�cial intelligence. The state of the art re�ects a mature, rapidly advancing �eld, with

growing commercial and industrial adoption. As research continues to address challenges

in data representation, hardware ef�ciency, and real-time processing, event-based vision

systems are being considered as a transformative technology in next-generation perception

research [28].

2.1.4 Principles of Operation

Asynchronous Pixel Operation

Each pixel in an event camera detects intensity changes independently and asynchronously.

This allows for capturing very �ne temporal details without the constraint of a global shutter.

E(x;y;t) =

8
<

:
1 if DL(x;y;t) � q

0 otherwise

WhereE(x;y;t) represents the event output,DL is the change in light intensity, andq is

the threshold.
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Threshold Mechanism

The threshold mechanism in event cameras is crucial for detecting relevant changes in the

scene. Each pixel triggers an event only if the change in intensity is signi�cant enough,

enhancing sensitivity to motion.

DL = L(x;y;t) � L(x;y;t � 1)

WhereL(x;y;t) is the logarithmic intensity at timet.

Logarithmic Intensity Encoding

This encoding method enhances the dynamic range, allowing the camera to perform well in

both low and high illumination conditions.

L(x;y;t) = log(I (x;y;t) + e)

WhereI is the light intensity ande is a small constant to avoid logarithm of zero.

Event Generation Process

An event is generated based on the change in logarithmic intensity, which is directly propor-

tional to the relative change in light.

E(x;y;t) =

8
<

:
1 if jL(x;y;t) � L(x;y;t � 1)j � q

0 otherwise

Handling High Dynamic Range

Event cameras are uniquely capable of handling scenes with high dynamic ranges due to

their logarithmic intensity measurement.

DR= 20� log10

�
Lmax

Lmin

�

WhereDR is the dynamic range,Lmax andLmin are the maximum and minimum measur-

able intensities, respectively.
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2.1.5 Advantages of Event Cameras

As stated, event cameras operate on an asynchronous principle, where each pixel indepen-

dently detects intensity changes, recording data only when actual changes occur [23, 24],

making them particularly suitable for dynamic and challenging visual environments.

High Temporal Resolution

One of the most signi�cant bene�ts of event cameras is their high temporal resolution. Frame

based cameras are limited by their frame rate, typically capturing 30 to 60 frames per second.

In contrast, event cameras can detect changes in microseconds, providing a much �ner

temporal granularity. This capability makes them ideal for applications involving high-speed

objects or rapid lighting changes, where conventional cameras would miss transient details

[3, 22].

Low Power Consumption

Event cameras are inherently power-ef�cient. Since they only transmit data when changes

in the scene occur, they avoid the continuous data stream that characterizes standard video

recordings. This selective data capture not only reduces the amount of data processed and

stored but also signi�cantly lowers the energy consumption, making event cameras well-

suited for battery-operated devices and systems where power availability is a constraint

[24].

High Dynamic Range

Another advantage is the high dynamic range (HDR) of event cameras. Frame based

cameras often struggle with scenes that contain very bright and very dark regions, leading to

underexposed or overexposed areas. Event cameras, however, are less affected by varying

lighting conditions because they measure light changes logarithmically. This quality allows

them to handle extreme variations in brightness, providing clear visibility across a broader

range of light conditions [3, 26].

Robustness to Motion Blur

Finally, event cameras offer exceptional robustness to motion blur, a common issue with

conventional cameras when capturing fast-moving objects. Since event cameras record

changes at the pixel level as they happen, they can preserve sharp images of moving objects

without the blur typically introduced by the slow shutter speeds of RS cameras. This feature is
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particularly valuable in applications such as traf�c monitoring, sports analytics, and dynamic

robotic navigation [23, 27].

Real-World Applications

From autonomous driving to industrial automation, event cameras provide critical visual

information where conventional cameras fail, particularly in environments with rapid lighting

changes or high-speed motion.

2.1.6 Pixel Design in Event Cameras

The main concerns in designing event cameras pixel are: achieving minimal mismatch, high

dynamic range, and low latency within a compact pixel area. These objectives are accom-

plished through the integration of a fast logarithmic photoreceptor circuit, a high-precision

differencing circuit, and optimal two-transistor comparators. Figure 2.3(a) illustrates the

connections between these components.

Fig. 2.3 (a) Simpli�ed schematic of the pixel. (b) Operational principle of the pixel, where
the inverters represent single-ended inverting ampli�ers [3].
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The photoreceptor circuit is designed to automatically adjust the gain for each pixel

due to its logarithmic response, while also responding rapidly to changes in illumination.

However, this circuit is susceptible to transistor threshold variation, which causes signi�cant

DC mismatch across pixels, necessitating calibration when this output is utilized directly

[29], [30].

The DC mismatch is mitigated by setting the output of the differencing circuit to a reset

level after an event has been generated. The ampli�cation gain of changes is determined by

the well-matched capacitor ratio C1/C2. The impact of any inevitable comparator mismatch

is minimized through the precise gain settings of the differencing circuit.

The logarithmic nature of the photoreceptor conversion and its ability to remove DC

signal enables the pixel to be highly sensitive to temporal contrasts, de�ned as:

TCON=
d(ln(I (t)))

dt

whereI represents the photo-current. Figure 2.4 illustrates the principle of operation of this

pixel component. The subsequent sections will explore in detail the functionalities of these

pixel circuit components.

Fig. 2.4 Detailed pixel circuit including transistor-level schematics and asynchronous logic
circuits [3].



16 Introduction to Event Cameras

2.1.7 Operation and Characteristics of the Pixel Circuit

The pixel circuit comprises a photodiode driven by a saturated NMOS transistorMfb. The gate

of Mfb is connected to the output of an inverting ampli�er, which is linked to the photodiode,

forming a transimpedance ampli�er that logarithmically converts the photocurrent into

voltage while maintaining the photodiode at a virtual ground. This setup, recognized for

extending the bandwidth through increased loop gain, is particularly advantageous for high-

speed applications in low-light conditions. It also includes an adaptive biasing mechanism,

which uses a fraction of the low-pass-�ltered sum of the photocurrents from all pixels to

directly generate the bias voltage, reducing power consumption while maintaining a constant

quality factor of the photoreceptor [29].

The output of the photoreceptorVp is buffered by a source follower toVs f to isolate the

sensitive photoreceptor from the rapid transients in the differencing circuit. This source

follower feeds the capacitive input of the differencing circuit, which is balanced by a reset

switch that momentarily short-circuits its input and output, setting the circuit to a reset

voltage level.

The detailed interplay between the temporal contrastTCONand the differential voltage

Vdi f f is crucial for understanding the pixel's response dynamics under varying illumination

conditions, facilitating the design of circuits that accurately capture and process these changes

in real-time applications.

2.2 Event Camera Bias Settings

The functioning of event cameras is similar to neurons in the human nervous system. Just as

neurons are triggered by an action potential when a threshold is exceeded, event cameras

generate activation signals in response to changes in light intensity at individual pixels.

Following this activation, there is a refractory period during which the pixel cannot respond

again, similar to the �nite time a neuron requires to reset before �ring again. This biological

analogy underscores the ef�ciency of event cameras in extracting real-time data for sensing

applications, where they excel at detecting motion or changes, rather than reconstructing

full-frame images [31].

Figure 2.5 illustrates the design of the event camera pixel, highlighting its bias current

sources, which are con�gured at the pixel array level by the chip's bias generator. Adjustments

to these bias currents affect the temporal contrast event thresholdq, the bandwidth of the

photoreceptorBpr, and the refractory periodDrefr between events.

The essential thresholds for triggering ON and OFF events are determined by theId, Ion,

andIo f f currents. The operational speed (bandwidth) of the photoreceptor's front end is
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managed byIpr andIs f. The refractory period—during which the change ampli�er remains

in reset is governed byIre f r. These �ve bias currents are crucial in de�ning the key attributes

of event camera pixels, where a larger bias current implies a higher threshold or faster circuit

response [4].

Fig. 2.5 Detailed pixel circuit in transistor level [4].

2.2.1 Temporal Contrast Threshold

Temporal contrast threshold determines the minimum change in the light intensity required

for generation of an event. Block D in Figure 2.5 is responsible for adjusting this threshold.

The event contrast thresholdsqon,off, which represent the natural logarithm of intensity change

required to trigger ON and OFF events, are de�ned as:

qon,off = Aq ln
�

Ion,off

Id

�
; (2)

where in the context of the DAVIS346 camera, which was used in the study described in

[4]:

AQ �
1:5C2

C1
�

1
15:5

: (3)

The range forq can vary approximately between [0.15, 0.5]. For such small values of

q, 1+ q nearly equals the relative change in intensity required to generate an event. For

instance, ifq = � 0:2, then a reduction by about 0.8 is needed to produce an OFF event.

It is assumed that the ON and OFF thresholds are equal, i.e.,q = qon = � qoff , to maintain

a balance between the rates of ON and OFF events. The temporal contrast sensitivityS is

de�ned as:

S =
1
q

: (4)

The unit forS is events per e-fold change in intensity. Utilizing equation (2), one can

approximate how alterations inq might affect the event rate, assuming that only the threshold
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changes. Typically, it is expected that the event rate scales withS, as a smaller threshold

results in more events. Nevertheless, ifq > qmax, whereqmax is the highest contrast feature,

no events will be triggered. If a scene displays a range of temporal contrasts, increasing

sensitivity will gradually reveal more scene details in events. For lower sensitivity settings,

only the highest contrast features induce events. Thus, the total signal event rateR is

anticipated to adhere to:

R=
R0

S0 � Smin
(S� Smin); (5)

whereR0 is the nominal event rate at the nominal sensitivityS0 (with Tq = 0), and

Smin = 1=qmax is the minimal sensitivity that triggers events. At higherSvalues, experimental

data suggest that noise signi�cantly affects the total event rate, rendering the linear model

less accurate [4].

The cameras used in this research are manufactured by Prophesee, and in their terminol-

ogy, this bias is referred to as bias_diff_on for the positive threshold and bias_diff_off for the

negative threshold.

2.2.2 Photoreceptor Bandwidth

At a basic level, the pixel photoreceptor circuit functions in a similar way to a second-order

low-pass �lter. In the circuit proposed in Figure 2.5, the initial stage's cutoff is determined by

the photo currentIp in combination with the photoreceptor bias currentIpr, and the secondary

stage's cutoff is governed by the source follower buffer bias currentIs f. In this study, it is

assumed that the overall bandwidthBpr at a given operating point is a function of these two

bias currentsf (Ipr; Is f), and it increases monotonically with the currents:

Bpr = Bpr0 f
�

Ipr

Ipr0
;

Isf

Isf0

�
(6)

where the subscript '0' denotes the nominal value. This function's complexity and its

strong dependency on the absolute light intensity are noted. So, predicting the impact of

adjustments inBpr on an arbitrary event stream is challenging. It is understood that enhancing

Bpr increases the event rateR until the bandwidth surpasses all input signal frequencies,

thereafter,Rcontinues to rise due to an increase in noise events [4].

In the Prophesee cameras used in this research, bias_fo and bias_hpf control the band-

width of the low-pass and high-pass �lters, respectively.
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2.2.3 Refractory Period

Figure 2.5, parts E and F, illustrate the role ofIrefr in controlling the dead timeDrefr between

events. During this refractory period, the change ampli�er remains in reset mode. The reset

signal, lowered by the pixel's acknowledgment signal, allows the reset switch transistor to

short the change ampli�er's outputVd and input, achieving balance. The duration of the

refractory periodDrefr is calculated by:

Drefr =
C3

IrefrVrefr
(7)

For the DAVIS346 camera, withC3 � 20fF andVrefr � 0:5V; for example,Drefr = 10ms

requiresIrefr = 4pA.

During this period, the change ampli�er disregards any output changes from the photore-

ceptor. The refractory period imposes a strict limit on the maximum rate of events per pixel

and mitigates the impact of any input brightness changes by ignoring changes that occur

during this period.

For a single pixel producing events at an instantaneous rater0, the interval between events

is T0 = 1=r0. A straightforward model suggests that the refractory periodDrefr effectively

extends the interval between events toT0 + Drefr, yielding a new rater = 1=(T0 + Drefr) [4].

This bias is named bias_refr in Prophesee cameras.

2.3 Event Representations

As stated at the beginning of this chapter, event cameras generate a stream of events in

response to changes in ambient light intensity. To analyze data from event cameras using

traditional computer vision algorithms, such as Convolutional Neural Networks (CNNs), the

sequence of events must be converted into image-like pseudo-frames or other compatible

formats. This transformation allows event camera data to leverage the vast array of established

computer vision techniques. The different formats used in processing event data are called

event representation. This section explores the role of event data representations within the

sphere of neuromorphic event-based vision systems.

2.3.1 Representation Types

Raw event data streamed by event cameras is not inherently useful. To extract meaning-

ful information, it must be interpreted and analyzed using appropriate processes, such as

mathematical algorithms, signal processing techniques, or, most commonly, neural network
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architectures. Neural networks are capable of processing various forms of event data, extract-

ing important features, and executing complex tasks. The adaptability of neural networks to

diverse data representations and tasks underlines their versatility and ef�cacy in managing a

wide range of event-based visual data [32]. The subsequent sections will focus on different

event data representations employed across various application scenarios.

Event Images or Frames

This method collects events into 2D matrices analogous to traditional video frames, which

resemble images. In an event frame, each pixel signi�es either the occurrence or absence of an

event at a particular spatial location. These frames can be generated either by accumulating

events over a predetermined time slot [33] or by employing spatial-temporal encoding

strategies [34]. This approach allows for the utilization of conventional image processing

and computer vision techniques, making it applicable for a variety of tasks including object

recognition, tracking, and image segmentation [35].

2D-Histogram

A 2D histogram is a statistical representation that compiles events along two dimensions,

typically the spatial coordinates (x, y). Each bin in the histogram represents a speci�c spatial

region, and the value in each bin corresponds to the number of events that occur within that

region over a de�ned period. This process aggregates event data into a structured format,

effectively summarizing the spatial and temporal distribution of events. In contrast to event

frames or images, which aim to reconstruct a visual representation, 2D histograms shift the

focus toward capturing statistical characteristics of the event data.

This representation is particularly effective in scenarios where the objective is to analyze

patterns or trends in event data rather than reconstruct a detailed visual scene. For instance,

histograms can highlight areas of high activity, making them useful in motion analysis,

saliency detection, and feature extraction. The compactness of histograms reduces the

complexity of the data while retaining critical information about event distributions.

2D histograms are also useful in applications where computational ef�ciency is essential.

Their compact representation makes them suitable for real-time systems, as they reduce the

need for processing large volumes of raw event data. However, their utility depends on the

application—while they excel in capturing statistical distributions for tasks such as motion

analysis, they may be less effective in applications requiring detailed spatial resolution or

precise temporal dynamics [36].
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Histograms of Averaged Time Surfaces (HATS) extend the idea of 2D histograms by

integrating temporal features into the representation. HATS creates a time surface for each

event and computes histograms over spatial and temporal domains, offering a richer feature

set for tasks such as object classi�cation and motion tracking [37]. These approaches

demonstrate the versatility of histogram-based representations in bridging the gap between

raw event data and high-level computer vision tasks.

Voxel-grid

This representation divides the visual space into a three-dimensional grid of voxels, with

each voxel encapsulating information about the occurrence and timestamp of events within

its de�ned spatial and temporal boundaries. By integrating spatial and temporal details, this

method is particularly effective for advanced applications such as 3D reconstruction, depth

estimation, and volumetric analysis [38].

Voxel-grid representations are especially useful in scenarios requiring a detailed under-

standing of dynamic environments, such as robotics, augmented reality, and depth sensing

technologies. For instance, in robotics, the ability to interpret event data in 3D space aids

in navigation and interaction with complex surroundings. Similarly, in augmented reality,

voxel grids can help map dynamic scenes in real-time to support seamless overlays of virtual

objects. A more detailed discussion of voxel-grid representations, including their imple-

mentation and broader applications, is provided in our review article, where these and other

event-based representations are explored comprehensively [6].

2.3.2 Advantages of Event Representations Utilization

Event data representations offer several notable advantages. Primarily, they excel in data

compression and processing ef�ciency by selectively transmitting only those changes within

the scene that bear relevance, thus signi�cantly conserving computational resources and

memory. This streamlined processing not only enhances system performance but also

ensures robust operation in environments with limited resources [3]. Furthermore, these

representations are capable of capturing detailed temporal information, recording the exact

timing and sequence of unfolding events. Such granular temporal details enable neural

networks to thoroughly analyze dynamic and temporal variations within the data, which is

crucial for effectively performing tasks such as motion detection, object tracking, and activity

recognition [39]. For a detailed comparison of various techniques used in processing event

data, refer to Table 2.1, and Figure 2.6.
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Another major advantage of adopting event-based representations is their selective focus.

In contrast to traditional systems that process entire frames, event-based systems concentrate

on the most signi�cant elements of the scene. This strategic focus reduces unnecessary

noise and enhances the signal-to-noise ratio, which signi�cantly improves the ef�ciency and

accuracy of neural network computations. These improvements are particularly valuable in

environments characterized by high dynamic range and visual complexity [40]. Additionally,

the inherent design of event-based systems supports real-time processing and instantaneous

adaptive responses. By generating events asynchronously in each pixel as they occur, these

systems can quickly adapt to changes in the scene, making them suitable for time-critical

applications such as automotive safety systems [41].
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Table 2.1 Comparative Methods for Processing Event Camera Data [6].

Methodology Grouping of Events Individual Event Processing

Key Features + Aggregates events based on spatial

or temporal proximity to synthesize

manageable data representations.

+ Enables temporal integration to cre-

ate synthetic frames or images that

align with standard image processing

techniques.

+ Provides a bridge between the asyn-

chronous nature of event data and the

structured input required by many vi-

sion algorithms.

+ Facilitates the application of CNNs

for object recognition, segmentation,

tracking, and other similar tasks.

+ Processing each event indi-

vidually, leveraging the pre-

cise timing of event times-

tamps for tasks requiring high

temporal resolution.

+ Perfectly suited for real-

time processing applications

that demand immediate re-

sponses, such as collision de-

tection in automated systems.

+ Utilizes SNNs for process-

ing, which mimic natural neu-

ral processes, allowing for dy-

namic and ef�cient data han-

dling.

+ Highlights the causal rela-

tionships between events, pro-

viding detailed insights into

the dynamics and changes

in the scene on an event-by-

event basis.

Representations + Event Frames/Images: Synthetic

frames that compile events over brief

temporal intervals, suitable for tradi-

tional vision algorithms.

+ Voxel Grids: A 3D format that incor-

porates time as a dimension, preserv-

ing the complete temporal dynamics

of the event stream.

+ Time Surfaces: 2D maps where

each pixel records the timestamp of

the last event, emphasizing areas of

recent activity.

+ Motion Compensation: A method

that adjusts the position of events

based on estimated motion, enhanc-

ing clarity and minimizing motion

blur in generated images.

+ Networks that process in-

dividual events, offering an

effective framework for un-

derstanding complex tempo-

ral dynamics.

+ SNNs are designed for low-

latency processing, making

them ideal for embedded sys-

tems where rapid decision-

making is critical.
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