Sheffield
Hallam
University

Neuromorphic Computing and Vision for Interactive Robotics

AITSAM, Muhammad

Available from the Sheffield Hallam University Research Archive (SHURA) at:

https://shura.shu.ac.uk/37400/

A Sheffield Hallam University thesis

This thesis is protected by copyright which belongs to the author.

The content must not be changed in any way or sold commercially in any format or medium
without the formal permission of the author.

When referring to this work, full bibliographic details including the author, title, awarding
institution and date of the thesis must be given.

Please visit https://shura.shu.ac.uk/37400/ and http://shura.shu.ac.uk/information.html for
further details about copyright and re-use permissions.


http://shura.shu.ac.uk/information.html

Neuromorphic Computing and

Vision for Interactive Robotics

Muhammad Aitsam

A thesis submitted in partial fulfilment of the requirements of
Sheffield Hallam University

for the degree of Doctor of Philosophy

September 2025



Abstract

Neuromorphic computing and event-based vision seek to replicate the brain’s sparse,
spike-driven information flow, offering a route to robots that see and react with
the speed and parsimony of their biological counterparts. This thesis pursues that
goal through a single narrative arc that begins with computation, advances through
perception, and culminates in adaptive interaction. It starts by turning frame-
based deep networks into spiking models and deploying them on the SpiNNaker
neuromorphic platform. Careful comparisons of conversion algorithms show how
timing precision, power consumption, and accuracy interplay, establishing practical
guidelines for real-time deployment. With spiking computation in place, the thesis
next addresses perception. A dynamic-attention mechanism realised as a recurrent
spiking neural network keeps track of multiple moving objects in asynchronous
event streams, granting robots the ability to prioritise salient targets while ignoring
distractors. An accompanying data pipeline exploits the microsecond resolution
of event cameras, supporting both hand-gesture recognition and vibration-based
machinery monitoring. In tests, these perception modules maintain high accuracy
under challenging lighting and rapid motion, confirming the advantages of event-level
sensing. The final stage connects machine perception to human intent. Event-based
vision is fused with physiological and behavioural indicators to infer the cognitive load
of a human partner, enabling the robot to adjust its actions to the user’s real-time
mental state. This multimodal loop closes the gap between low-level spikes and
high-level collaboration, demonstrating how neuromorphic methods can underpin
more intuitive human-robot teamwork. Taken together, the thesis charts a coherent
path from energy-efficient spiking computation, through event-driven attention and
sensing, to cognitively aware interaction, illustrating how each layer supports the

next in building responsive, robust and scalable neuromorphic robotic systems.
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Chapter 1

Introduction

Biological intelligence has long captivated researchers who seek to understand how
living organisms memorize, think, perceive, and act. Humans, in particular, stand
out for their remarkable ability to make rapid, well-informed decisions in the face of
incomplete or ambiguous information. This ability underlies the complex behaviours
necessary for survival in constantly changing environments. Recent advances in com-
putational and behavioural neuroscience, along with progress in embodied cognitive
systems, have propelled interdisciplinary work in robotics, where scientists are inves-
tigating how the brain, sensors, and actuators can collaborate to perform intricate
tasks in real-world settings [47]. For a robot to operate autonomously, it must be able
to perceive its surroundings in real time, process sparse information efficiently under
tight latency constraints, and adapt to fluctuating conditions through self-learning.

The rise of powerful computing technologies and sophisticated sensing systems has
greatly accelerated the field of machine learning, leading to notable successes in both
science and commerce. Deep learning methods, which build upon the hierarchical
organization of the human visual system, have demonstrated particular promise [216].
However, these models still struggle to match human performance in tasks that
require precise motor coordination, swift responsiveness, and robust adaptability,
and they frequently encounter scalability issues. A striking example of the gap
between human and artificial intelligence is evident when considering energy usage:

simulating a human-scale brain on a standard clock-based computer might demand
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around 12 gigawatts of power, whereas the human brain itself operates on just about
20 watts [115]. This discrepancy can be largely attributed to the traditional reliance
on clock-driven processing, which requires hardware to operate at high frequencies
to handle continuous data flow [317].

In contrast, biological organisms rely on spike-based strategies to process informa-
tion, allowing them to perceive and act with extraordinary efficiency. Reproducing
this compact yet powerful neuro-synaptic design in machines stands as a key challenge
for achieving human-like intelligence. To overcome the limits of clock-driven models,
researchers have turned to neuromorphic computing an approach that merges insights
from neuroscience, computing, and electronics to create architectures modeled on

the brain’s event-driven, energy-efficient communication methods.

1.1 Neuromorphic Computing and Spiking Neural
Networks

Neuromorphic computing aims at replicating the remarkable capabilities of the
human brain in electronic systems, with a particular focus on low energy consumption,
adaptability, and parallel processing [133]. The human brain, which operates on
only about 20 watts of power [423], is known for feats that conventional computers
struggle to match, such as context-aware decision-making, continuous learning, and
adaptability to unfamiliar situations. These strengths stem from key biological
principles, including high degrees of connectivity among neurons, extremely efficient
spike-based communication, and the co-location of memory and computational units
(130, 73].

In the nervous system, billions of neurons form a massively parallel, three-
dimensional network connected by trillions of synapses. Each neuron integrates
incoming spikes from thousands of other neurons and, if the cumulative input
surpasses a threshold, generates its own spike to transmit onward [167]. This event-
driven communication stands in stark contrast to the clock-based, frame-driven

methods typically found in modern computing hardware. Because neurons only fire
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when necessary, energy usage is minimized, and computation is inherently sparse
[423]. Another crucial aspect of the brain’s efficiency lies in synaptic plasticity, which
allows connection strengths between neurons to change based on their firing patterns.
Repeated co-activation of two neurons reinforces the synapse between them, forming
the basis for Hebbian learning [159]. As a result, brains can learn and adapt without
explicitly requiring large, labelled datasets or extensive offline training. Instead, they
continuously adjust themselves by interacting with the surrounding environment, a
process known as associative learning [90].

Neuromorphic systems aim to capture these features by designing specialized
electronic architectures that mirror neural networks, synaptic connections, and
plasticity mechanisms [133, 299]. Unlike the von Neumann architecture, where
memory and processing elements are physically separated, neuromorphic chips often
place these units in close proximity. This co-location dramatically cuts down on data
transfer overhead—an inefficiency that has long plagued conventional computers.
Additionally, neuromorphic designs support event-based or spike-based processing, so
they activate only when relevant signals arrive, which further conserves power. Figure
1.1 shows the conceptual comparison of the traditional Von Neumann architecture
versus neuromorphic architecture. Many of today’s neuromorphic platforms rely on
analog-programmable non-volatile memory devices (including phase change memory,
resistive RAM, and other emerging technologies) to realise synapse-like behaviours
[274, 83, 322, 67]. These materials exhibit gradually adjustable resistance states,
enabling them to store synaptic weights and perform in-memory computations. As a
result, hardware built on these principles can execute large-scale neural computations
efficiently and in real time [382].

Spiking Neural Networks form the computational backbone of most neuromorphic
systems, taking direct inspiration from the way neurons communicate through timed
pulses or “spikes.” In an SNN, each artificial neuron accumulates weighted inputs
from incoming spikes and triggers its own spike once a threshold is reached [275, 386].
The precise timing of these spikes, rather than only their average firing rate, carries
critical information, enabling temporally rich and biologically plausible computation

compared to traditional Artificial Neural Networks (ANNs). While SNNs share
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Figure 1.1: Conceptual comparison of the traditional Von Neumann architecture, which
processes binary inputs and outputs with separate CPU and memory units, versus the neu-
romorphic architecture, where spiking neural networks integrate memory and computation
to handle spike-based signals.

structural similarities with conventional deep networks, such as layered architectures
and weighted synaptic connections, their event-driven dynamics fundamentally change
how learning is performed. Traditional ANNs are typically trained using gradient-
based backpropagation with continuous activations, requiring large labelled datasets
and extensive offline optimisation. In contrast, SNNs often rely on spike-based
learning mechanisms, including biologically inspired local rules such as spike-timing-
dependent plasticity (STDP), where synaptic updates depend on the relative timing
of pre- and post-synaptic spikes [423, 130, 73]. More recently, surrogate-gradient
methods and ANN-to-SNN conversion approaches have been developed to bridge the
gap between high-performance deep learning and spike-based computation, enabling
efficient training while preserving the energy benefits of neuromorphic execution. This
combination of sparse event-driven processing and alternative learning paradigms
significantly reduces redundant computation, making SNNs particularly well suited
for robotics and edge computing applications where low power consumption, real-time

responsiveness, and on-device adaptation are essential.

1.2 Neuromorphic Vision

Building on the principles behind neuromorphic engineering and SNNs, researchers
have begun investigating advanced sensory modalities that further reduce the gap
between biological and engineered perception. One particularly promising approach is

event-based vision sometimes called neuromorphic vision which leverages event-driven
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data capture to boost efficiency and speed. Event-based cameras, such as Dynamic
Vision Sensors (DVS) [231], depart from the traditional frame-based paradigm by
operating asynchronously, meaning they capture data only when changes occur
rather than at fixed intervals. Rather than capturing complete images at regular
intervals, DVS devices register changes in brightness at individual pixels. This yields
a continuous stream of events with exceptionally high temporal resolution, minimizing
unnecessary data and slashing power requirements. When coupled with neuromorphic
processors, event-based sensors can closely emulate the human visual system’s ability
to interpret complex, fast-moving scenes in real-time [331]. Integrating event-based
vision in robotic systems has already demonstrated significant improvements in
navigation, obstacle detection, and motion tracking factors that critically enhance
autonomy and adaptability [136].

Dynamic Vision Sensors can be regarded as large-scale implementations of non-
uniform sampling. Because each pixel produces output only when it detects a
sufficient change in brightness, overall data rates remain inherently sparse. In a
simple scenario where only one object is in motion, DVS sensors only transmit
outputs from the pixels covering that object, while traditional active pixel sensors
(APS) must read out and process data from every pixel in each frame. This approach
significantly lowers both energy consumption and latency during data processing.
One limitation of event-based cameras, however, is that they do not encode static
scenes: pixels in an unchanging environment produce no output, whereas APS
systems still transmit full frames. A practical solution is to combine the strengths of
both techniques incorporating event-based functionality at the pixel level alongside
APS features [136]. By merging the advantages of sparse sampling with the ability
to register static scenes, such hybrid sensors open new possibilities for smart vision

systems that more closely approximate the efficiency and versatility of human sight

[128]. Figure 1.2 illustrates how to merge APS with DVS.
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Figure 1.2: Hybrid pixel combining APS read-out and DVS change detection, producing
both frame intensity and asynchronous ON/OFF events from the same photoreceptor. This
figure is adapted from [55]

1.3 Thesis Contribution and Organization

This thesis explores the development and application of neuromorphic comput-
ing methods, spanning hardware and software implementations for spiking neural
networks and event-based data processing. The work addresses challenges from
foundational preprocessing, such as efficient data pipelines for event-based vision,
to advanced applications, including gesture recognition, machinery fault detection,
and cognitive load estimation in HRI. It integrates biologically inspired approaches,
such as real-time attention models, with engineering-driven solutions for deploying
SNNs on neuromorphic hardware like SpiNNaker. The primary focus is on enhanc-
ing the efficiency, robustness, and applicability of neuromorphic systems in diverse
domains, particularly human-robot interaction. The rest of this thesis presents these
contributions in detail.

Chapter 2: Literature Review and Theoretical Background. This chapter
provides an overview of neuromorphic computing and vision for interactive robotics,
highlighting key challenges and opportunities. It includes two systematic reviews
of neuromorphic computing for interactive robotics and neuromorphic vision for
interactive robotics, synthesizing trends, findings, and research gaps to establish the
foundation for the contributions in subsequent chapters. Some parts of this chapter

have been published in:
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e Muhammad Aitsam, Sergio Davies, and Alessandro Di Nuovo, "Neuromor-
phic Computing for Interactive Robotics: A Systematic Review," in IEEE
Access, vol. 10, pp. 122261-122279, (2022) [6].

Chapter 3: Neuromorphic Computing and Spiking Neural Network (SNN)
Implementations. This chapter focuses on the development and deployment of SNNs
on neuromorphic hardware. It begins with a theoretical overview of SNNs, their
training methods, and ANN-to-SNN conversion techniques. It then presents the
systematic evaluation of conversion approaches, discusses the deployment of SNNs
on neuromorphic hardware such as SpiNNaker. Then, it introduces event-driven
dynamic attention for multi-object tracking with SpiNNaker. The content of this
chapter has been published in:

e Muhammad Aitsam, Samiulhaq Chardiwall, Alejandro Jimenez Rodriguez,
and Alessandro Di Nuovo. “Benchmarking ANN-to-SNN Conversion: Dataset-
dependent Analysis of Accuracy, Latency, and Spike Efficiency”. In: The
14th International Conference on Biomimetic and Biohybrid Systems, Living

Machines 2025.

e Muhammad Aitsam, and Alessandro Di Nuovo. "Energy Efficient Personal-
ized Hand-Gesture Recognition with Neuromorphic Computing." CONCATE-
NATE Workshop, ACM/IEEE International Conference on Human-Robot
Interaction (HRI), (2023) [13].

e Muhammad Aitsam, Sergio Davies, and Alessandro Di Nuovo, "Event-driven
dynamic attention for multi-object tracking on neuromorphic hardware'. In
Proceedings of the Computer Vision and Pattern Recognition Conference

(CVPR) Workshops, pages 5055-5062, (2025) [7].

Chapter 4: Applications of Event Cameras in Robotics. This chapter explores
the applications of event cameras in robotic systems. It begins by introducing a data
processing pipeline for event-based vision and demonstrates its utility in two key ap-

plications: real-time gesture recognition for human-robot interaction, machinery fault
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diagnosis. Each application is detailed with its methodology, implementation, and
performance analysis, showcasing the practical impact of event-driven neuromorphic

approaches. The content of this chapter has been published in:

e« Muhammad Aitsam, Alejandro Jimenez Rodriguez and Alessandro Di Nuovo.
"Efficient data processing pipeline for event-based vision datasets: techniques

and insights." Engineering Research Express; volume 6, (2024) [10].

e Muhammad Aitsam, Sergio Davies, and Alessandro Di Nuovo. "Event
Camera-Based Real-Time Gesture Recognition for Improved Robotic Guidance,'
2024 International Joint Conference on Neural Networks (IJCNN), Yokohama,
Japan, (2024) [8].

e Muhammad Aitsam, Gaurvi Goyal, Chiara Bartolozzi and Alessandro Di
Nuovo. Vibration Vision: Real-Time Machinery Fault Diagnosis with Event
Cameras. “European Conference on Computer Vision (ECCV) 2024” - Work-
shop on Neuromorphic Vision: Advantages and Applications of Event Cameras,

Milan, Italy, (2024) [9].

Chapter 5: Cognitive Load Estimation in Human-Robot Interaction (HRI).
This chapter investigates methods for cognitive load estimation in HRI. It starts
with an event-based human-pose estimation study to infer cognitive load and then
introduces a multi-modal framework combining physiological signals, behavioural
indicators, and other metrics. The findings emphasize the role of cognitive load
monitoring in improving robotic adaptability and collaboration with humans. The

content of this chapter has been published in:

e Muhammad Aitsam, Dimitri Lacroix, Gaurvi Goyal, Chiara Bartolozzi and
Alessandro Di Nuovo. Measuring Cognitive Load Through Event Camera Based
Human-Pose Estimation. Human-Friendly Robotics (HFR) 2024. Springer
Proceedings in Advanced Robotics, vol 35, (2024) [11].

e Muhammad Aitsam, Kavyan Zoughalian, Dimitri Lacroix, and Alessandro

Di Nuovo. Multimodal Cognitive Load Estimation in Human-Robot Interaction:

8
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Integrating Physiological and behavioural Dynamics. In: IEEE Transactions

on Cognitive and Developmental Systems. [under review]

Chapter 6: Conclusions and Future Work. The final chapter summarizes the key
contributions of this thesis, including the advancements in neuromorphic computing,
SNNs, event-based vision, and adaptive HRI. It also discusses potential directions for
future research to further enhance the capabilities of neuromorphic and event-driven

systems.



Chapter 2

Literature Review and Theoretical

Background

2.1 Introduction

This chapter presents a systematic review of neuromorphic computing and vision,
emphasizing their role in interactive robotics. It covers key concepts like spiking
neural networks (SNNs) and event-based vision, exploring their integration into
robotic systems. Additionally, the chapter traces the evolution of neuromorphic

architectures, outlining their benefits and existing challenges.

Novelty & Impact

Novelty: Presents two systematic reviews on neuromorphic computing and
vision for interactive robotics, synthesising key trends and clearly identifying
research gaps.

Impact: Establishes a structured knowledge base, guiding the research con-
tributions of subsequent chapters and clearly positioning the work within the

state-of-the-art.
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2.2 Neuromorphic Computing Landscape

Neuromorphic computing represents a transformative leap in artificial intelligence
by enabling energy-efficient, adaptive, and real-time processing systems that closely
resemble the workings of the human brain. Unlike conventional Al models that
require extensive computational resources, neuromorphic systems excel in handling
complex, unstructured data while consuming significantly less power. This efficiency
arises from their ability to process information asynchronously and in parallel, much
like biological neural networks. Additionally, neuromorphic architectures demonstrate
exceptional robustness, as they can function effectively in uncertain and dynamic
environments, making them ideal for real-world applications where traditional Al
struggles. Another key advantage of neuromorphic computing is its capacity for
on-chip learning and adaptation, reducing dependency on cloud-based processing
and enabling faster decision-making at the edge. This capability is particularly
beneficial for embedded systems and autonomous agents that need to operate with
minimal latency. In the last decade many neuromorphic computing systems have
been developed. Figure 2.1 (taken from [208]) illustrates the historical evolution of
neuromorphic computing systems up to the present. The foundational architectures
of these systems mark significant milestones in complexity, adaptability, and diversity.
However, several key challenges persist across all layers of the stack, which must
be overcome to enable large-scale, practical deployment and broader adoption of
neuromorphic computing.

The interaction between humans and machines is also of great relevance to
both neuromorphic computing and robotics. Utilizing neuromorphic technologies
in robotics, from perception to motor control, presents a promising approach to
creating robots that can seamlessly integrate into society. In neuromorphic com-
puting and robotics, bio-inspired sensors efficiently encode sensory signals, allowing
robots to perceive their surroundings in a manner similar to biological organisms.
These neuromorphic sensors, such as event-based vision systems and bio-inspired
tactile sensors, enhance a robot’s ability to process sensory inputs efficiently while

adapting to different environmental conditions. By integrating multiple sensory

11



2.2 Neuromorphic Computing Landscape

Neuromorphic computing
NEUROMORPHIC SYSTEM
Authors/designers SPINNAKER2
Most neurons implemented so far SpiNNcloud
5.2 billion
¢ Recently announced systems <
1 billion 4 _ SPINNAKER & LOIHI 2
Univ. Manchester Intel
235 m\lliog 1.15 billion
LOHHI @
Intel
100 million
TRUENORTH
IBM
Bn,f;mgggggaf HIiAER - IFAT/ 67 million
- D
1 mill S9milong T miion /' @ TIANJIC
million NEUROGRID ® Y singhua Uni.
2 Stanford Uni. 4 million
e 1 million
(o)
COGNIMEM - CM1K ®
z CogniMem Inc. gEURRAM
102,000 tanford, UCSD,
’ Notre Dame, Tsinghua
MDAC IFAT . © 12,300
Lincoln Laboratory ° joghonos Hopkins
1,024 B
’ @ SILICON RETINA ©® BRAINDROP
1,000+ Caltech @ STDP Chip Stanford Uni. @ DYNAP-SE2
2,500 UPenn 4,000 1)(/)nmense
° 1,280 ’
PERCEPTRON - MK1 ® ETANN
Rosenblatt, McCulloch, Pitts Intel o GT NE-URON 1
Georgia Tech
520 128 100
ADALINE
Widrow, Hoff
1
[
T T T T T T T
1960 1970 1980 1990 2000 2010 2020
Year

Figure 2.1: Progression of neuromorphic computing systems. This figure is taken from

[208).

inputs and leveraging event-based computation, robots can respond dynamically to
their surroundings, significantly improving their autonomy and efficiency. Figure
2.2 summarises the landscape of neuromorphic computing and interactive robotics.
Hardware and software simulators use specific neuron and synaptic models according
to the desired applications.

Despite significant advancements in neuromorphic computing and interactive
robotics, a comprehensive and systematic review of the field has yet to be conducted.
Except few recent articles like [208], most of the research efforts have primarily ad-
dressed specific challenges, offering incremental improvements within the conventional
machine learning paradigm rather than introducing transformative changes. To sup-
port future research in interactive neurorobotics, this chapter explores the integration
of neuromorphic computing, spiking neural networks (SNNs), and event-based vision
in interactive robotic systems. It also examines the impact of using SNN models in
conjunction with neuromorphic hardware. Our investigation covers both theoretical

and practical contributions, including hardware and software platforms essential for
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Figure 2.2: Summary of neuromorphic computing and robotics landscape. Hardware
and software simulators use specific neuron and synaptic models according to the desired
applications.

neurorobotics development. The following sections are structured as follows: We
begin by introducing spiking neural networks, along with neuron and synapse models.
Section 2.5 outlines a systematic literature review methodology on neuromorphic
computing, SNNs, and event-based vision for interactive robotics. The systematic
review for Neuromorphic Computing for Interactive Robotics is conducted in Section
2.6. The systematic review for Neuromorphic Vision for Interactive Robotics is

conducted in Section 2.7. Section 2.8 presents the summary of this chapter.

2.3 From Artificial Neural Network (ANN) to
Spiking Neural Network (SINN)

Neural networks are generally categorized into three generations, each reflecting
certain aspects of the multilayer structure of the human brain. However, the
way neurons function varies significantly across these generations [386]. The first
generation features neurons with binary outputs (0 or 1), determined by applying a
threshold to the weighted synaptic input. In 1943, McCulloch and Pitts demonstrated
that artificial neural networks based on this principle could perform mathematical
and logical computations [255].

Over time, researchers introduced the backpropagation technique for multilayer

perceptron networks, addressing the limitations of earlier perceptron models. This
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Figure 2.3: Three generations of neural networks. Starting from the McCulloch Pitts
(MP) neuron model in the first generation, then artificial neural networks in the second
generation, and spiking neural networks in the third generation, which mimic the behaviour
of biological neurons.

Biological Neurons

method, which remains widely used in deep learning today, led to the development
of the second generation of neural networks, commonly known as Artificial Neural
Networks (ANNs). Unlike the first generation, ANNs produce real-valued outputs
by applying a transfer function, typically sigmoidal, to the weighted sum of inputs.
The weights are determined using machine-learning algorithms, ranging from ba-
sic linear regression to complex classification tasks. With modern computational
hardware readily available, researchers continue to explore advanced neural network
architectures and learning mechanisms [386].

The first two generations of neural networks progressed from the binary McCul-
loch—Pitts model to analogue artificial neural networks with continuous activation
functions, improving pattern-recognition accuracy but still lacking a faithful, time-
continuous representation of neural activity. Biological brains encode information
through the precise timing of spikes, whereas recurrent ANNs model time only
as discrete iteration steps. Spiking Neural Networks (SNNs) address this gap by
allowing neurons to integrate membrane potentials and emit spikes once a threshold
is crossed, passing event-timed signals to post-synaptic units and thus capturing the
event-driven coding seen in real cortex. Figure 2.3 contrasts these three generations
of network models.

SNNs offer several advantages, including temporal plasticity, lower computational
complexity, and improved neural interface compatibility [176]. Their growing popu-
larity in recent years has led to the development of models for tasks such as image

classification and object recognition. SNNs are well-suited for various computer vision
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and robotics applications, including classification, clustering, and pattern recogni-
tion. They have been applied in converting sensor data directly into spike-based
representations [86][182][247], controlling robotic manipulators in intelligent systems
[382][17], and enhancing robotic functionalities [34][292][414]. Additionally, SNNs
have been used for detection and recognition tasks [210][117], as well as numerical

data processing using the Neural Engineering Framework (NEF) [333][81][364].

2.4 Introduction to Event-Based Vision

Event cameras represent a fundamental shift in visual sensing, capturing per-pixel
brightness changes asynchronously with microsecond-level precision. Their unique
architecture supports extremely low latency and minimal power consumption, as only
meaningful changes in the visual field are processed. One of their most significant
advantages is their high dynamic range (HDR) of up to 140 dB, which far exceeds the
60 dB typical of conventional cameras. This capability enables robust performance
under challenging lighting conditions such as high glare or low illumination, making
them particularly well-suited for dynamic environments.

The origins of event-based vision lie in neuromorphic engineering, specifically the
development of biologically inspired sensors such as the Silicon Retina, which paved
the way for contemporary event cameras. This lineage is rooted in efforts to replicate
the efficiency and reactivity of biological perception systems. Large-scale initiatives
such as the Human Brain Project and the U.S. BRAIN Initiative have further
accelerated advancements in neuromorphic sensing technologies. Today, companies
including Samsung and Prophesee are actively engaged in scaling these technologies
for commercial use, recognising their value in fields ranging from autonomous robotics

to augmented reality and artificial intelligence [331].

2.4.1 Operating Principles of Event Cameras

Event cameras operate on the principle of detecting changes in brightness, encoding

this information asynchronously as discrete events rather than capturing entire
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Figure 2.4: Top: pixel-voltage traces cross fixed positive and negative thresholds, emitting
ON or OFF events when brightness rises or falls. Bottom: Events accumulated over time
outline the moving object, showing that the sensor records only brightness changes. This
figure is taken from [331].

frames. Each pixel in the camera continuously monitors the brightness of the scene,
and when the change surpasses a predefined threshold, it generates an event. The
attached figure illustrates this process, showing how the log intensity of light at a
pixel is tracked over time. When the brightness increases or decreases beyond the
“ON” or “OFF” thresholds, respectively, an event is triggered, and the brightness
level is reset to a new reference point, preparing the pixel to detect subsequent
changes.

This encoding mechanism is inspired by the biological spiking nature of visual
pathways and is highly efficient in adapting to dynamic scenes. The output of the
camera, as shown in Figure 2.4, is a sequence of events, each encoded with the precise
time of the change, the pixel location, and the polarity (indicating whether the
brightness increased or decreased). This event-driven approach not only minimizes
data redundancy but also ensures a high temporal resolution, enabling the detection
of fast-moving objects with minimal latency and motion blur. By capturing only
meaningful changes in the scene, event cameras reduce computational overhead while
delivering highly responsive and efficient vision sensing. Figure 2.4 also highlights
the reset level mechanism, which prevents the continuous accumulation of brightness

changes and ensures accurate monitoring of future changes. This capability to respond
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in real-time to visual stimuli makes event cameras uniquely suited for applications
requiring low latency and high-speed processing, such as robotics and augmented
reality. By leveraging this asynchronous operation, event cameras provide a robust

solution for capturing and processing dynamic visual data.

2.5 Systematic Review Methodology

We divided the systematic review into two parts to gain an in-depth understanding
of the field and identify its shortcomings. The first part focuses on (i) Neuromorphic
Computing for Interactive Robotics, while the second part explores (ii) Neuromorphic
Vision for Interactive Robotics. We conducted our search using three widely used
academic databases: IEEFE-Xplorer, Scopus and Web-of-Science. Titles, abstracts,
and keywords were extracted for an initial screening. This metadata was then
added to Rayyan.ai [289], an online tool for systematic reviews. We labelled all
relevant publications by searching for our keywords within the title, abstract, and
keyword sections. Since this review specifically examines (i) and (ii), we shortlisted
publications that presented neuromorphic computing or vision techniques designed to
implement new behaviours for human-robot interaction. In cases where the metadata
was ambiguous, we also reviewed the full text of the articles. The review process
was conducted independently by three authors. An article was shortlisted only if at

least two authors agreed on its relevance.

2.6 Neuromorphic Computing for Interactive

Robotics

The keywords that we searched were selected according to our goal to identify the
scientific articles on the intersection of neuromorphic computing and interactive
robotics. To this end, we identified two groups of keywords with similar meanings,
respectively: 1) "neuromorphic computing", "spiking neural network" and "brain-

inspired computing"; 2) "interactive robotics", "social robotics", and "humanoid
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Figure 2.5: 1) Records retrieved in each database: IEEE-Xplorer = 117, Scopus = 594,
Web of Science = 249. 2) This review considers papers from 2017 onward, so all publications
before 2017 are removed. 3) By reading the meta-data, we found 51 publications that
were either focusing on hardware implementation or didn’t consider robotics and SNNs. 4)
While screening, we labelled all the publications according to their focus, then we excluded
all the papers not related to robotics.

robotics". In group 2, we also included "cognit*" to find cognitive models that may
be used to learn and implement interactive behaviour in agents and robots. Finally,
we used the pair “brain-inspired computing” AND “robot*”, because we wanted
to find alternative methods by using the "brain-inspired computing" keywords, but
when combined with the keywords of group 2, it resulted in only 2 articles. The total
number of articles we added was 960. Initially, we removed all duplicates, reducing
the total count to 656. After that, we decided to limit our systematic review to
articles published between 2017 and 2024. This reduced the total publication count
to 363. After the initial screening, the number of publications that remained for
review was reduced to 62. Figure 2.5 summarises the paper selection procedure using

a PRISMA chart.
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2.6.1 Neuromorphic chips/ Simulators and Frameworks

In socially interactive neurorobotics, neuromorphic hardware is one of the essential
elements for the robot to perform cognitive tasks. With recent advancements in
neuroscience and in the chip industry, new neuromorphic hardware is introduced for
the simulation of SNNs. In the tables below, we will briefly discuss the neuromorphic
chips (Table 2.1), simulators (Table 2.3), and frameworks (Table 2.2) we came across
during our review. We also discuss the robots (Table 2.4) used in our selected
publications. There are several other neuromorphic chips (e.g. TrueNorth [62],
Braindrop [278], SyNAPSE [341], FACETS [323], NeuroMem [1] , NM500 [200] ,
SynSense [404]), simulators (e.g: Genesis [54], SpikeFun [340], DVS pixel simulator
[192]) and humanoid robots (e.g. Pepper [292], Nao [22]) which are not discussed here
as they were not used in any of the publications we reviewed. Some of the general-
purpose simulators such as Mayavi [377] and CSIM [384] focus on simulating the
environment for models, instead of simulating SNN models. Unlike other simulators,
they do not have in-built neuron and/or synaptic models. Besides this, we also found
several articles where no neuromorphic hardware is used. Input signals are obtained

by sensors on the robot and SNN models are used as processing layers.

2.6.2 SNNs in Robotics Applications

The use of SNNs in robotics introduces considerable complexity when performing
specific tasks [93]. In cognitive robotics, the goal is to understand the environment
and compute the output. Such an approach usually returns useful insights for neural
architectures and learned behaviour, especially when dedicated neural hardware is
available. So far, we have briefly discussed spiking neural networks and their models.
In this section, we dive deeper into the applications of SNNs and neuromorphic
computing in the field of socially interactive robotics. Robots provide an interesting
testbed for SNNs, yet their application requires finding solutions to many problems,
such as power consumption, action duration, and output fidelity. Through our
systematic review, we found 5 major directions in which contributions have been

made. Before getting into the details of these applications, we summarise our analysis
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Table 2.

1: Neuromorphic chips used in robotic applications.

#

Neuromorphic
Chips

Description

Ref.

SpiNNaker

Based on a biologically-inspired, massively parallel com-
puting architecture, SpiNNaker can model and simulate
neural networks containing up to one billion neurons
and one trillion synapses in biological real-time. The
System-on-Chip SpiNNaker consists of 18 ARM968 pro-
cessors residing in synchronous islands, surrounded by
a lightweight packet-switched asynchronous communi-
cations network. It serves as a general-purpose pro-
grammable platform enabling neuroscientists, psycholo-
gists, and brain researchers to explore brain functions
using software neuronal models.

[291]

Loihi

Loihi is a 60-mm? chip capable of modeling spiking neu-
ral networks in silicon using Intel’s 14-nm process. It
features a large multicore mesh with 128 neuromorphic
cores, three embedded x86 processor cores, and off-chip
interfaces extending the mesh in four planar directions
to other chips. Notable features include hierarchical con-
nectivity, dendritic compartments, synaptic delays, and
programmable synaptic learning rules.

Table 2.2: Description of frameworks reviewed.

Framework

Description

Ref.

—_

Neural En-
gineering
Framework

(NEF)

NEF is a general methodology for building large-scale
neural models for cognition. It allows users to define
neuron properties and connection weights between com-
ponents to perform desired functions. It efficiently han-
dles feed-forward computations and recurrent connec-
tions. NEF has been used in modeling visual attention,
inductive reasoning, reinforcement learning, and more.

333]

FenNueRobot
Framework

FaNueRobot is built on top of the NeurCube framework
for modeling spatiotemporal brain data. It is a motor
control framework designed for robotic and prosthetic
applications, integrating an evolving SNN model of the
brain with finite automata representing neuromuscular
behaviour during forearm and extensor muscle move-
ments.

[211]
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YARP EIEIO
Robot (iCub) ﬁ HOSt PC ﬁ SpiNNaker
(Main Program)

Figure 2.6: General block diagram of iCub-SpiNNaker system. The I/O from the robot
is converted into YARP bottles. It is then processed by a host-based EIEIO transceiver
which converts the message into spikes to transmit and receive from SpiNNaker.

in Table 2.5 and Table 2.6. Here, Table 2.5 shows the robots and hardware used in
the experiments, while Table 2.6 is about the software or simulation platform used
to conduct experiments. These tables guide the reader through the types of robots

and platforms that are typically used in experiments related to neurorobotics.

Signal Acquisition and Processing Applications

Modern robots benefit greatly from intelligent sensor integration, enabling au-
tonomous planning and operation while adapting in real time. Image segmentation
and identification, where an object’s features are extracted and compared against a
reference library [95], remain central to robot vision. Vision-based identification has
advanced significantly, but combining vision and non-vision sensors can speed up
recognition [348].

D’Angelo et al. [107] used an iCub humanoid robot and a SpiNNaker system [135,
291] to demonstrate object identification tasks. iCub, a 53-degree-of-freedom research
robot, uses YARP [260] to communicate with the host PC. By enhancing networks
to target behaviourally relevant goals, D’Angelo et al. showed that behaviourally
relevant STDP supports positive learning. SpiNNaker relies on the EIEIO protocol
[284] for real-time neuromorphic communication. In an extended publication, Garcia
et al. [138] demonstrated how neuroanatomically grounded SNNs for visual attention
can also learn object names. Figure 2.6 show the block diagram of iCub-SpiNNaker
system.

Research on multi-sensory integration explains how various sensor inputs con-
verge to form a cohesive perception. Damasio [82] proposed the convergence-zone
model to describe multi-modal perception in humans. Inspired by this, Al-Qaderi

and Rad developed a multi-model perceptual system using concepts like fading
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Table 2.3: Brief description of simulators and platforms used in robotic applications.

#

Simulator

Description

Ref.

1

Brian

Brian is a Python package used to simulate networks of
spiking neurons. Users provide mathematical equations that
define neuron and synaptic models, allowing the creation of
neuron groups connected by synapses. Researchers can use
custom models not already integrated into the simulator.

[149]

Nengo

Nengo is a Python library for building sophisticated spiking
and non-spiking neural simulations with minimal code. It
is highly extensible and flexible, allowing users to define
neuron types, learning rules, and input sources.

333]

NEST

NEST is an open-source simulator for spiking neural network
models, focusing on neural system dynamics rather than
neuron morphology. It operates as a command-line tool and
can be used interactively from the Python prompt. It also
supports neuron model creation, synapse definition, and
connectivity with external devices.

[145]

CSIM

CSIM is a general-purpose discrete-event simulation envi-
ronment for modeling complex systems with interdependent
elements. It includes tools for creating hierarchical block
diagrams and model libraries across multiple domains.

384]

AI-SIMCOG

The Artificial Intelligence Simulator of Cognition (Al-
SIMCOG) is an SNN simulator designed for real-time au-
tonomous system testing. It allows users to design complex
SNN architectures and test them in a virtual environment
before exporting to physical robots.

NeMo

NeMo is a spiking neural network simulator optimized for
CUDA-enabled GPUs, achieving real-time simulations of
100,000 realistically connected neurons. It supports C++,
C, Matlab, Python, and is a backend for PyNN.

[169)]

Mayavi

Mayavi is a cross-platform simulator for 2D and 3D data
visualization. It features a rich user interface for interactive
visualizations and a simple Python scripting interface, in-
cluding ready-to-use 3D visualization tools.

377]

Neuron

NEURON is a general-purpose spiking neural network simu-
lator used for modeling individual neurons and networks. It
provides an easy-to-use command-line interface and binary
installers for Mac, Linux, and Windows.

[170]

Gazebo

Gazebo is a robot simulator capable of simulating robot
populations in complex indoor and outdoor environments. It
features a strong physics engine, high-quality graphics, and
user-friendly interfaces for programming and visualization.

[276]
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Table 2.4: Robots used in major applications.
Robot Description Ref.

ﬁ) iCub A research-grade humanoid robot designed for developing |[372]
and testing embodied Al algorithms. Standing 1 meter
tall, it serves as a testbed for social experiments.

! Pioneer |A general-purpose differential-drive mobile robot with mul-| [185]
3DX tiple sensors, an onboard computer, and an autonomous
navigation system. Used for mapping, monitoring, and
teleoperations.

g

HoLLiE | A mobile, bi-manual service robot developed in the "House | [168]
of Living Lab" project. Can perform basic and complex
social interaction tasks.

-

F E Hexapod |A six-legged walking robot known for stability and versa-| [251]
tility. Used in neurorobotics for movement and obstacle
avoidance experiments.

- N

('t,?)

i UR3 A compact, collaborative tabletop robot for automated | [243]
assembly tasks. Its small size makes it ideal for tight
spaces.

ﬁ Turtlebot-| A low-cost, open-source robot kit with customizable sen-|[312]

2 sors. It supports 3D navigation and diverse applications.
¥ |Khepera- |A 5.5cm small, differential-wheeled mobile robot designed |[337]
1AY for indoor lab applications. Used for mapping, teleopera-
tion, and navigation.

@ Soundman| A commercial product designed for binaural sound record-| [86]
ing, enhancing spatial perception.

g Schunk | A five-finger robotic hand with an advanced gripping|[351]

SVH system. Provides secure grip on objects of various shapes
and sizes.
"D | Pushbot |A compact tracked robot with a front blade and onboard | [205]

camera for remote navigation.

23



2.6 Neuromorphic Computing for Interactive
Robotics

Table 2.5: Robots and hardware used in major applications related to interactive robotics.

Major Applications Robot Hardware
Signal Acquisition and |iCub [308][138] SpiNNaker [308][138][41]
Processing Pioneer 3DX [16] |RGB Camera, Kinect Sensor [17]

Pattern Recognition  |Pioneer 3DX [16] |RGB Camera [16]
Khepera IV [45] Kinect Sensor [355]
Raspberry Pi3 [80]

Speech Recognition iCub [86][277] Microphones [86]
Soundman [86] iCub built-in sensors [277]
Motor Control HoLLiE [364] Schunk SVH [365][366][367]

Hexapod [34][220] |[sMEG Sensor, Myo Sensor
Roving [242)[413] | [366][367]

URS3 [409] HoLLiE Arm [364]

Vector [38] FPGA ZEM4310, Emotive Epoc
iRobot [283] Headset [34]

Khepera IV [81] DVS, NAS [220]

iCub [277] UR3 with Elbow and Wrist [409]

Prosthetic Hand [211]
Tobii Eye Tracker, YDLIDAR
G4, Raspberry Pi 3 [80]

Cognition and Learning [iCub [115] Robotic Hand, Myo Armband,
Neco [357] Epoc Headset [414][415]
Turtlebot Loihi, Neural Computer Stick2

[160][103][356][160] [17{3]50]

Virtual [328][79][77] | Spartan-6, RGB Sensor [103]
Raspberry  Pi3,  PiCamera,
PiStrom [77]

Loihi, LIDAR [356]
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Table 2.6: Software/simulators and neuron models for major applications.

Major Applications

Software/Simulation
Platform

Neuron Model

Signal Acquisition and
Processing

SpiNNaker [308][138]
CISM [17]

LIF [308][138][17]

Pattern Recognition |Brian [250] LIF [16][80][81]
SIMCOG [80][81]
Speech Recognition Google ASR, SphinX [86] |LIF [277]

EDULT [277]

Pulse Neuron [86]

Motor Control

NEF, Nengo [365][366][367]
NEST [364]
MATLAB [34][211]
NeuroNet [242][413]
NeMo [409]

Vector SDK [38]
FeNeuRobot

work [211]

ROI [283]
SIMCOG [80][81]

Frame-

Manual [365][366][367]
LIF [364][220][211][80][277]
Izhikevich [409][413]

aEIF [38]

Pulse Neuron [283]

Cognition and Learning

SIMCOG [79][77]
Nengo [160]
RatSLAM [357]
SNN Simulator [328]
NEF [126]

V-REP [175]

Created [160]

LIF [79][77][115][126]
Izhikevich [414][415]
SKAN [103]

SRM [357]
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memory [247], binding criteria [371], cell assemblies [166], and top-down influences
[227]. Experiments on a Pioneer 3DX robot equipped with an RGB camera, Kinect
sensor, directional microphone, and sonar sensor showed that multi-model systems

outperform uni-modal ones.

Pattern Recognition Applications

Visual or pattern recognition underpins many real-world robotic operations, especially
those requiring human-robot interaction; failure in recognition often hinders a robot’s
practical utility. In cognitive robotics, visual recognition is central to complex
tasks like pose estimation, grasping, and manipulation [75]. However, existing
methods frequently rely on strict supervision during training, such as uncluttered
views of objects or rigid metadata. To address these challenges, Fanello et al. [117]
improved robot visual perception by modifying coding-pooling pipelines to enhance
representation while preserving real-time performance. More recently, Mansouri-
Benssassi and Ye [250] employed bio-inspired SNNs with STDP for unsupervised
facial expression recognition, using Laplacian of Gaussian (LoG) filters to detect
edges and contours, a Poisson-driven spike train based on pixel intensity, and online
STDP [53] (see Appendix A.1, left). This approach outperformed methods like
HOG features and CNN on two public datasets. Meanwhile, Al-Qaderi and Rad
[16] introduced a multi-modal perceptual system for facial recognition in real-world
scenarios where a robot identifies a user while in motion.

Additional experiments investigated real-time recognition of human motion
through SNNs, clustering direction vectors to interpret nonverbal cues for action
recognition [355]. This instructed learning occurs in three phases teaching, turn-
taking, and imitation (see Appendix A.l, right). Further developments include
Cyr and Theriault [80], where robots learn spatial relationships (left/right, horizon-
tal/vertical) independently of image location or pattern details, adapting in real-time
with different reward rules. In a similar vein, Cyr et al. [81] proposed a 2-bit XOR

task using compound binary images for input and left /right output actions. This

26



2.6 Neuromorphic Computing for Interactive
Robotics

design lets the robot adapt by learning simpler associative rules at runtime, with

further experiments exploring the shift from 2-bit to 3-bit tasks.

2.6.3 Speech Recognition Applications

Speech recognition allows machines or robots to convert spoken language into a
machine-readable format, typically by capturing voice input through a microphone,
processing it on a computer, and then sending commands back to the robot. In
noisy settings, Davila-Chacon et al. [86] proposed an embodied embedded cognition
approach that uses Sound Source Localization (SSL) to orient the robot toward the
angle that maximizes the signal-to-noise ratio (SNR) before performing Automatic
Speech Recognition (ASR). A spiking neural network calculates the sound angle,
and experiments on both the iCub robot and Soundman demonstrated that this
SSL-driven orientation significantly enhances speech recognition accuracy compared
to averaging signals from multiple channels. In future work, speech recognition may
also serve as a bootstrapping mechanism to train neural layers, performing auditory
grouping in both frequency and time domains [86]. Another study integrated a
spiking cerebellar model into the iCub robot to handle vestibulo-ocular reflex (VOR)
tasks [277]. This model functions as a feed-forward controller, combining several
neural models and topologies, and uses STDP-based adaptation to generate eye
motor commands that compensate for the robot’s head movements. Figure 2.7

illustrates the system architecture.

2.6.4 Motor Control Applications

Research on motor control applications in neurorobotics focuses on enabling robots to
mimic human cognitive and motor behaviours. One approach, proposed by Tieck et al.
[364], uses a spiking neural network (SNN) to learn base motor primitives (left, right,
up, down) for pointing motions. The network activates four correction primitives to
generate real-time motion commands, driving a humanoid robot (HoLLiE) toward
specific points on a board. The brief block diagram of the motion generation approach,

along with an explanation, can be seen in the Appendix A.2. A key advantage is that
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Figure 2.7: The Spike Source Localization (SSL) architecture. Sound signals are received
at the left and right receiver of a robot. These sound inputs are decomposed into several
frequencies with Gammatone Filterbanks. After that, it is fed to Spiking Neural Networks
and then to Feed-Forward neural network for classification. This classification layer
produces an output angle that is used to control the motor.

this method does not rely on any particular kinematic setup and can be extended to
different robotic platforms. A related idea is introduced by Mirus et al. [262], where
a mobile robot leverages similar SNN-based principles to navigate and detect objects
in unknown environments.

In more advanced locomotion control, Batres-Mendoza et al. [34] proposed a
real-time system for a Hexapod robot that couples bio-inspired computing with an
improved Quaternion-based Signal Analysis (iQSA) [35] method, shown in Appendix
A.3. Brain-Computer Interface (BCI) signals are processed by iQSA and then
fed into a SNN acting as a Central Pattern Generator (CPG) [302], generating
rhythmic gait patterns. Likewise, Lele et al. [220] presented another CPG-based SNN
architecture, augmented by input from a Dynamic Vision Sensor (DVS), to guide a
Hexapod in prey-tracking tasks with high energy efficiency. In parallel, Zahra et al.
[409] designed a cerebellum-inspired controller for robotic arms, using a Differential
Mapping Spiking Neural Network (DMSNN) and STDP to align spatial velocities
across layers. This controller was validated on a UR3 robot arm, achieving rapid
convergence with minimal motion error. For manipulative tasks, Tieck et al. [365]
employed SNN-driven primitives to enable soft-grasping of various objects without

complex calculations, training each grasping motion from just one example. Other
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Figure 2.8: The basic block diagram of the prosthetic control through a Brain-Computer
Interface (BCI). As shown, the brain provides the EEG signals to the FeNeuCube framework
which, in turn, gives instructions to the controller. Finally, the controller forwards the
control command to prosthetic hand [211].

work has integrated surface electromyography (sEMG) signals to trigger reflexes in
robotic fingers, linking recognized muscle activations to motion primitives [366][367].

In the medical domain, Kumarasinghe et al. [211] demonstrated a proof-of-concept
prosthetic hand controlled by a NeuCube evolving SNN architecture combined with
finite automata theory. As depicted in Figure 2.8, the system undergoes two learning
stages unsupervised STDP for evolving synaptic connections, followed by supervised
learning to strengthen output-layer weights. This approach enables reliable grasping
and touching movements based on recorded brain activity. Lastly, to assist the
elderly or disabled, Obo et al. [283] proposed a multi-modal interface integrating
seat pressure sensors with an eye-tracker. A self-organized SNN captures spatio-
temporal dynamics from user inputs. By detecting subtle shifts in seating posture
and gaze direction, the robot can adjust its movement and the interface’s sensitivity,
ensuring more comfortable teleoperation for users with limited mobility. Appendix
A.4 summarizes their perception-action cycle framework.

Another interesting study focuses on solving movement issues for disabled and
elderly people. In most of the existing systems, a user has to control the robot
manually, which could be difficult for elderly or disabled people. Obo et al. [283]
presented a multi-modal interface to control the robot remotely. Besides this, a

cognitive platform to control robots based on the concept of the perception-action
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Table 2.7: Learning mode, rule, and paradigm in each application.

Major Applications |Online/Offline |Learning Rule |Learning
Learning Paradigm
Signal  Acquisition |Online STDP [308][138] | Reinforcement
and Processing [308][138][17] [308][138][17]
Pattern Recognition |Online [80][81] STDP [250][355] | Unsupervised
Offline [250][355] [250][355]
Reinforcement
[250][355]
Speech Recognition |Online [277] STDP [277] Supervised,  Feed-
back error learning
[277]
Motor Control Online STDP Supervised
[365][38][80] [400][38][413] | [364][220][211][409)]
[81][277] Unsupervised
Offline [34][283][211][38]
[364][220][211] Feedback-error learn-
[34][283][211] ing [277]
Cognition and Learn-|Online STDP Reinforcement
ing [356][328][175][126] [414][415][79] | [79][77][126][175]
Offline [103] [77][357] Supervised

/Unsupervised [160]
Feedback-error learn-
ing [277]
Reinforcement
[103][328]

Synaptic

learning [357]

cycle is also proposed. Here, a spiking neural network is used for spatio-temporal

modelling of the interaction between the environment and the user. A self-organized

neural network based on an unsupervised learning paradigm is used in this system.

They developed a seat with pressure sensors on it and the robot’s movement is

dependent on the user’s movement while sitting on the seat. Beside this, a stationary

eye-tracker (Tobii Eye Tracker 4C) is attached to retrieve the gaze and head pose. The

experimental results show that the teleoperation system can change the sensitivity

of the interface according to the operation. More details about the proposed system

can be found in Appendix A.5.
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2.6.5 Cognition and Learning Applications

Biological systems generally have a memory, which is defined as the ability to
preserve, learn and reproduce past adaptive states. As discussed earlier, synaptic
plasticity is an important mechanism of memory and learning on a cellular level.
Several mathematical models exist that can simulate cognitive maps, where synaptic
plasticity yields the emergence of spatial memory in SNNs. Spatial memory in robots
is used for the storage and retrieval of information that is used to plan a route to
a desired location and to remember where an object is located or where an event
occurred [242]. In this subsection, instead of discussing the classifications of learning
[48] we discuss the contributions related to spatial memory, learning and using that
learning to predict the next action for social robots. Table 2.7 details the learning
mode, rule and paradigm in each application. More details about the learning in
SNN can be found in Section 3.2.

Spatial mapping is an important component for developing Simultaneous Local-
ization and Mapping (SLAM) in social robots. For instance, Tang and Michmizos
[356] integrated a Loihi-based SNN with a 360-degree LiDAR sensor in Robot Op-
erating System (ROS) for real-time navigation using Winner-Take-All (WTA) and
competitive learning. Likewise, Cyr and Theriault [80] employed operant condi-
tioning to enable a robot to modify its behaviour dynamically based on reward
rules, while Dumesnil et al. [103] implemented classical conditioning on an FPGA
using the Synapto-Dendritic Kernel Adapting Neuron (SKAN) model. Other studies
highlight avoidance learning by assigning harmful regions for the robot to identify
and circumvent [413, 242], and associative memory has been tested on neuromorphic
hardware for energy efficiency [160]. Researchers have also explored working memory
through dynamic synapses [38], episodic memory for complex tasks like serving
milk tea [357], and evolutionary methods to fine-tune SNN topologies [328, 102].
Additional work examines emotional modelling to provide intrinsic motivation [175]
and socio-emotional architectures on SpiNNaker, Loihi, and Braindrop [126]. Finally,
to streamline the development of realistic brain-body interfaces, the Neurorobotics

Platform [363, 115] offers a web-based environment where brain models connect with
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Design/ Brain-Body
Editing Interaction Robot Environment Experiment

Interactive
Visualization

Synchronization

) Environment
Simulation Neurobot Mechanism

Figure 2.9: Block diagram for a functional overview of the Neurorobotics platform. With
the design/editing feature, users can conduct neurorobotic experiments using the brain
model and robot body which can interact in a dynamic environment. These experiments
are simulated and the results can be displayed in an interactive fashion.

detailed robot simulations. This project is part of the EU flagship Human-Brain
Project (HBP). The functional overview of the Neurorobotics platform is presented
in Figure 2.9.

Figure 2.10 is an expanded form of Figure 2.2. It shows the sensors and chips
in the hardware section. Here the red outline boxes show that the chip is not
used in robotics applications yet. The software section contains a list of simulators,
frameworks and platforms. It also shows the neuron models typically used in robotics

applications.

2.6.6 Challenges & Future Direction

In the previous sections, contributions and advancements in SNN-based social robotics
have been reviewed in terms of their focused applications. This section focuses on
the critical analysis of reviewed articles. We discuss the shortcomings in this area
and what are the major areas on which future research should focus.

Humanoid robots: Although many experiments are conducted in the area of
neuromorphic computing for robotics, most of them are very basic when it comes
to cognitive tasks [357][38][80]. Usually, they focus on robots moving around a
dedicated environment, constructing the spatial map, or storing some information
in its memory block. Few pieces of research considered human involvement in the
experiments for detection and identification but they lack human-robot interaction

in social context. Besides this, none of the experiments were done with a humanoid
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An overview figure of the landscape of neuromorphic computing and robotics.

It shows major hardware, software, neuron models, and applications. The red boxes in the

chips column show that they are not yet used in robotic applications.

Figure 2.10

33



2.6 Neuromorphic Computing for Interactive
Robotics

robot. So, there is still a need to conduct experiments with a humanoid robot where
the robot also interacts with humans instead of just interacting with the environment.

Neuromorphic Chips: As we can see in Table 2.1, only two types of neuromor-
phic chips are used in our reviewed papers. Experiments with Intel’s Loihi chip are
mostly related to improving the memory or spatial mapping while experiments with
the SpiNNaker architecture are focused on behavioural learning and visual attention.
In the experiments with SpiNNaker, the neuromorphic chip is not attached to the
robot. The SpiNNaker system receives inputs from the sensors in the robot via the
EIEIO protocol for processing and returns action commands. On the other hand,
experiments with the Loihi chip don’t contain humanoid robots. In most of the
reviewed articles a turtlebot is used, which is equipped with multiple sensors and
a Loihi chip. This shows that there are still several open options like using other
available neuromorphic chips and conducting experiments in more complex scenarios
where the humanoid robot has to make decisions in real-time.

Hardware: Many experiments conducted in our reviewed articles use non-spiking
sensors (e.g. web camera is used instead of a retina camera [75]). These sensors
send the signal to the processing unit, which converts it to spikes and feeds them
to the neuromorphic hardware. This process could become faster and more energy-
efficient on neuromorphic hardware due to its event-driven computation, which avoids
redundant frame processing and enables low-latency parallel inference at substantially
lower power consumption.

Personalisation: Another challenge faced by the social neurorobotics field is
about personalising the robot. This can only be done through interdisciplinary
research of roboticists and neuro-scientists. Usually, roboticists use simplified brain
models to make real-time simulations, while neuro-scientists work on detailed brain
models which are difficult to embed into the real world due to their high complexity.
The community needs more solutions like the Neurorobotics Platform which provides
adequate tools to model highly detailed environments, virtual robots, and complex
neural networks for both roboticists and neuro-scientists.

Generalised Framework: Recent developments in neuromorphic computing

have introduced comprehensive benchmark frameworks designed to standardize the
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evaluation of algorithms and systems. Notably, the NeuroBench framework [187] offers
a structured approach for assessing neuromorphic approaches, providing a common
set of tools and methodologies for inclusive benchmark measurement. This initiative
aims to deliver an objective reference framework for quantifying neuromorphic
approaches in both hardware-independent (algorithm track) and hardware-dependent
(system track) settings. Despite these advancements, none of the reviewed articles
offer a general-purpose framework that encompasses functionalities for training and
modelling. Training SNNs for deep networks remains a challenging task, necessitating
further development in conversion algorithms. Moreover, there is a pressing need
for improved mechanisms to evaluate computational capabilities, such as power
consumption and speed, which are vital for applications in social robotics.

Ethics: Lastly, some aspects are rarely considered till now, such as ethical
aspects in social neurorobotics. The development of social neurorobotics is still in
its early stages, which makes it an ideal candidate for proactive and anticipatory
ethical reflection. The major concern is trust and safety when it needs to be decided
whether to use the robot in a social environment or not. Another aspect that might
affect the adaptability of social neurorobotics is data privacy. Where and how data
from the sensors of robots is being processed and how to share this data with another
robot in a socially interactive environment. Therefore, research is needed to ensure

that the development of neurorobotics is ethical, desirable, and socially acceptable.
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2.7 Neuromorphic Vision for Interactive Robotics

The keywords we used were selected to identify scientific articles at the intersection of
neuromorphic vision and interactive robotics. We identified two groups of keywords
with similar meanings: “Event based,” “Event Vision,” and “Neuromorphic Vision,”

bYANA4

as well as “interactive robotics,” “social robotics,” and “humanoid robotics.” We
searched for these keywords in the Title, Abstract, and Keywords fields across three
databases and downloaded the resulting publications for an initial screening. The
total number of articles obtained was 1,604. After selecting articles published between
2017 and 2024, 1,070 remained. We then removed duplicates, reducing the total count
to 776. Next, we conducted an initial screening to select articles related specifically
to neuromorphic vision and interactive robotics, bringing the number down to 134.
Finally, after reviewing the full papers, the count was reduced to 80. Figure 2.11
summarizes the paper selection process using a PRISMA chart.

We also analysed the companies currently manufacturing event-based vision
sensors used in interactive robotics and neuromorphic perception research (Table
2.8). The market is now primarily led by the Prophesee-Sony partnership, which
provides industrial-grade event cameras and development platforms widely adopted
in robotics, automotive perception, and real-time embedded vision systems [305].
In parallel, CelePixel has emerged as a key manufacturer offering high-resolution
event sensors and hybrid frame—event cameras for robotics and machine vision
research [152]. Additionally, SynSense develops neuromorphic vision hardware
integrating event-based sensing with low-power spiking processing for edge robotics
and autonomous systems [179]. Together, these manufacturers represent the core
commercial ecosystem driving the deployment and standardisation of event-based
vision technology in contemporary robotic applications.

Through our systematic literature review we divided the studies according to
the application they focus on. We ended up with six applications Object Detection
& Tracking, Gesture Recognition, Visual SLAM & Odometry, Motor Control, Au-
tonomous Driving, Surveillance € Security. Following is a critical analysis of studies

relevant to each application.
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Figure 2.11: 1) Records retrieved in all databases: 1604 2) This review considers papers
from 2017 onward, so all publications before 2017 are removed. 3) By reading the meta-data,
we found 160 publications that were either not using event camera/vision or didn’t consider
robotics. 4) While screening, we labelled all the publications according to their focus, then
we excluded all the papers not related to robotics.

2.7.1 Object Detection & Tracking

Neuromorphic vision has revolutionized object detection and tracking in robotics
by leveraging event-based cameras (e.g., DAVIS346, DVS128) and Spiking Neural
Networks (SNNs) to enable high-speed, low-latency performance with minimal power
consumption [64]. Hybrid sensor fusion approaches, such as Kalman filter-based
tracking for robotic air-hockey systems [397] and active LED marker integration
for real-time 6-DoF pose estimation [108], have enhanced accuracy in dynamic
environments, while FPGA-accelerated industrial tracking systems reduced data
transmission by 85% and latency by 99ms [33]. Innovations in toolkits include a ROS-
based event camera emulator for synthetic testing [59], a standardized neuromorphic
perception toolbox [104], and YARP framework integration for real-time tracking
in cluttered humanoid environments [147]. Advanced algorithms like event-based
mean-shift clustering achieved an F-score of 0.95 with 88% computation reduction for
real-world objects in an action manipulation task [32], luminance-free line detection

improved efficiency in structured settings [374], and continual learning models on
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Table 2.8: Current Manufacturers of Event-Based Vision Sensors (2025)

Company

Applications

Notable Products

Data Format

Prophesee—Sony
Partnership

CelePixel (China)

SynSense (Switzer-
land/China)

Robotics, automotive
ADAS, industrial au-
tomation

Robotics, machine vi-
sion, scientific research
Edge Al robotics, neu-
romorphic perception

GenX320, GenX se-
ries sensors, Metavi-
sion SDK

CeleX5, CeleX-V

Speck, Dynap-CNN vi-

sion sensors

EVT (propri-
etary)

Proprietary
event format
Event-based
spike streams

Loihi chips reached 96.55% accuracy with 300x energy efficiency over CNNs [158].
Datasets such as PEDRo, with 43,259 bounding boxes for person detection [52], and
UAV surveillance datasets [97] benchmarked performance in real-world scenarios,
while synthetic datasets enabled algorithm validation without physical hardware [59].
Challenges persist in scalability, as seen in SNN-based obstacle memory systems
limited to controlled environments [342], dependency on continuous motion for multi-
robot tracking [294], and hardware constraints like high-resolution camera processing
demands [108]. Future directions emphasize real-world adaptation through expanded
UAV datasets [97], energy-efficient edge deployment via microsaccade-enhanced
cameras for static scenes [164], and multi-sensor fusion combining LiDAR or radar
[97], alongside innovations like visual stabilization for feature tracking [314] and
LSTM-based trajectory prediction for human-robot interaction [23]. Together, these
advancements underscore neuromorphic vision as a transformative solution, balancing

speed, efficiency, and adaptability in robotic perception.

2.7.2 (Gesture Recognition

Gesture recognition in interactive robotics has significantly benefited from neuromor-
phic computing, particularly through event-based vision sensors and Spiking Neural
Networks (SNNs), enabling real-time processing of dynamic gestures with low latency
and minimal computational overhead [215][85][71]. Event-based cameras such as
Dynamic Vision Sensors (DVS) provide asynchronous visual data, reducing redun-
dancy and allowing rapid motion detection, which is critical for high-speed robotic

interactions. Keith et al.[215] introduced an event-based control framework utilizing
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a DVS sensor for UAV tracking, integrating neuromorphic processing with real-time
visual control, thereby enhancing tracking efficiency in dynamic aerial applications
[215]. Aitsam et al [85] explored event-driven hand gesture recognition using SNNs,
demonstrating that accumulating event data into frames instead of extracting tempo-
ral features can achieve high recognition accuracy, while also proposing an alternative
dataset, DVS-Gesture-Chain (DVS-GC), to improve the understanding of temporal
dynamics in gesture recognition. Expanding on neuromorphic vision, Guang et al
[71] presented a radar-based hand gesture recognition system leveraging SNNs and a
novel radar signal-to-spike conversion, achieving superior accuracy compared to tra-
ditional approaches and highlighting the potential of non-visual event-based sensing
for gesture interpretation. These studies collectively advance gesture recognition by
integrating neuromorphic vision with robotic control systems, improving robustness
to occlusion and environmental variability, and reducing computational demands
for real-time recognition. However, challenges remain in dataset standardization,

real-world validation, and optimising neuromorphic models for embedded systems.

2.7.3 Visual SLAM & Odometry

Event-based vision has transformed Visual SLAM & Odometry by overcoming
limitations of traditional systems in high-speed, low-light, and dynamic environments
through high temporal resolution and asynchronous sensing. Hybrid sensor fusion
approaches, such as integrating event cameras with LiDAR for agricultural navigation
[423] or combining stereo event data with inertial measurements for drones [73],
enhance robustness, while Evangelos et al demonstrated UAV tracking with a CelexV
sensor, achieving lower latency than frame-based SLAM despite sensitivity to low-
light conditions [114]. Advanced algorithms like Event-VPR, enabling sparse pixel-
based place recognition for low-power localization [204], and Fast-EDI, facilitating
real-time motion deblurring [234], highlight computational efficiency, while bio-
inspired methods such as SNN-driven underwater navigation [407] and physics-guided
neuromorphic planners for drones [325] optimise energy use. Critical datasets include

the Agri-EVB-autumn dataset for agricultural SLAM [423], ground-truth optical flow
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benchmarks using VICON [39], and drone racing sequences validating high-speed
navigation [25], complemented by synthetic tools like ROS-based emulators [59].
Challenges persist in dependency on external sensors (e.g., IMU in stabilization
frameworks [314]), scalability of neuromorphic hardware for obstacle avoidance
[261], and limited real-world validation of place recognition systems [204]. Future
directions emphasize adaptive algorithms for unstructured environments, as seen
in quadruped odometry using adaptive time surfaces [421], unsupervised learning
for feature representation [31], and multi-sensor fusion, alongside innovations like
spatiotemporal registration for high-precision motion estimation [237] and real-time
stereo visual odometry [416], positioning event-based vision as a cornerstone for

efficient, adaptable, and robust SLAM in autonomous robotics.

2.7.4 Visuo-Motor Control

Neuromorphic computing has revolutionized motor control in robotics by enabling low-
latency, energy-efficient actuation through Spiking Neural Networks (SNNs) and event-
based vision, with applications spanning quadruped locomotion [130], aerial drones
[61], and robotic manipulation [153]. For legged robots, event-driven policies enabling
quadrupedal object catching at 15 m/s [130], while another study utilized SNNs for
hexapod gait imitation, achieving bio-inspired locomotion with minimal energy [368].
Cao et al. integrated SNNs for high-speed drone control in cluttered environments [61],
Antonio et al implemented neuromorphic controllers on Loihi for UAV stabilization
[381], and Rajkumar et al enhanced adaptive flight using online learning [273].
Robotic manipulation saw breakthroughs with vision transformer for real-time
gripper force estimation [153], event-driven grasping strategies outperforming frame-
based methods in low-light [172], and a slip detection system for soft robotic fingers
[120]. Adaptive control frameworks, such as FPGA-accelerated ROS 2 programming
[232] and SNN-based continual learning on Loihi [158], optimised resource efficiency,
while hybrid approaches like the fusion of event vision and force sensors enabled
hexapod terrain adaptation [245]. Challenges include scalability in multi-limbed

robots [368], dependency on synthetic datasets [392], and hardware constraints in
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embedded systems [94]. Future directions emphasize multi-sensor fusion for dynamic
environments [111], unsupervised learning for adaptive grasping [31], and real-world
validation of neuromorphic exoskeletons [296] and prosthetics [206], positioning

event-based motor control as a cornerstone for next-generation autonomous robotics.

2.7.5 Autonomous Driving

Event-based vision has redefined autonomous driving by addressing motion blur
and latency in high-speed scenarios through high temporal resolution and dynamic
range sensing, enabling precise detection of fast-moving objects like pedestrians [70]
and robust lane detection in low-light conditions via deep learning integration [379].
Innovations include event-based perception pipeline for high-speed object detection
[72], LIDAR~frame-event fusion enhancing robustness in darkness [143], and neuro-
morphic optical flow algorithms for low-latency velocity estimation [417]. Datasets
like DSEC, offering stereo event data for illumination challenges [143], and M3ED,
providing multi-sensor, multi-environment benchmarks [65], support training and
evaluation, while high-resolution dataset advances motion prediction and scene un-
derstanding [173]. Challenges persist in sensor synchronization [143], computational
demands of multi-modal fusion, and real-world validation of SNN-based lane-keeping
systems [173]. Future directions emphasize adaptive fusion architectures, expanded
datasets for diverse driving conditions [65], and edge deployment of energy-efficient
neuromorphic models [379], positioning event-based vision as a critical enabler of

safer, real-time autonomous navigation.

2.7.6 Surveillance & Security

Surveillance and security systems require real-time, efficient, and reliable monitoring
to detect and respond to potential threats promptly. Traditional frame-based
vision systems face challenges such as high latency, motion blur, and significant
power consumption, particularly in dynamic or low-light environments. Event-
based neuromorphic vision sensors provide a compelling alternative by capturing

asynchronous changes in the scene with high temporal resolution and dynamic range,
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allowing for improved detection and tracking in complex environments [315)[316][299].
Several studies have explored the application of event-based vision in surveillance and
security. Rodriguez et al [315] introduced an event-driven object detection framework
designed for continuous monitoring in high-traffic areas, demonstrating the ability to
capture motion patterns more efficiently than traditional cameras. This approach
was then extended by incorporating neuromorphic processing for anomaly detection,
improving system response times while minimizing false alarms [316]. Perez et al
[299] focused on real-time tracking of individuals in crowded environments using
event-based cameras, highlighting the potential for non-intrusive, privacy-preserving
surveillance. Mario et al [326] investigated the integration of event-based sensors with
deep learning architectures for facial recognition under varying lighting conditions.
This work addressed the limitations of conventional systems in nighttime surveillance,
improving identity verification accuracy in low-light environments. Another study
explored the use of neuromorphic vision for drone-based surveillance, demonstrating
enhanced performance in tracking moving targets from aerial perspectives, even
under rapid camera movement and occlusions [110]. Security applications have
also benefited from multimodal sensing approaches.One study introduced a hybrid
framework combining event-based vision with thermal imaging, improving detection
robustness in challenging weather conditions and concealed object identification [109].
It was further examined event-driven motion analysis for perimeter security, showing
how asynchronous event data could be leveraged to detect unauthorized access with
lower computational overhead compared to frame-based methods [97]. Table 2.9
provides a comprehensive summary of the utilization of event cameras across various
neuromorphic vision applications in robotics. It highlights the specific event cameras
used, whether the studies compare event-based approaches with traditional frame-
based vision, the presence of event and frame fusion techniques, and the datasets

utilised for evaluation.
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2.7.7 Challenges & Future Directions

The integration of neuromorphic vision into robotics faces several cross-domain
challenges. Algorithmic complexity arises from the asynchronous nature of event-
based data, requiring specialized frameworks for real-time processing in applications
like SLAM [309][237], motor control [130][153], and surveillance [97]. Hardware
limitations, including high computational demands for high-resolution event cameras
[108][97] and scalability issues in neuromorphic processors for multi-limbed robots
[368][296], hinder embedded deployment. Dataset scarcity restricts generalization,
particularly in autonomous driving [173][143], gesture recognition [71], and industrial
tracking [125], where synthetic or small-scale datasets dominate [59][52][39]. Sensor
synchronization remains critical in hybrid systems, such as LiDAR-event fusion for
subterranean navigation [326] or IMU-dependent visual stabilization [314], while
motion dependency plagues applications like multi-robot tracking [294] and UAV
surveillance [97]. Additionally, privacy concerns in event-based surveillance and
energy inefficiency in continuous SNN operation [158][381] demand urgent attention.

To address these challenges, research must prioritize multi-sensor fusion archi-
tectures combining event cameras with LiDAR [143][326], radar [71], or thermal
sensors for robustness in dynamic environments [109][111]. Dataset expansion is crit-
ical, requiring large-scale, multimodal benchmarks for autonomous driving [65][173],
SLAM [423][39], and industrial inspection [125], alongside synthetic tools for edge
cases [59][374]. Hardware-software co-design should optimise energy-efficient neu-
romorphic chips (e.g., Loihi [158][381]) for real-time motor control [130][172] and
aerial navigation [25][381], while adaptive algorithms like unsupervised SNNs [31]
and physics-guided planners [325] could enhance generalization in unstructured ter-
rains. Privacy-preserving frameworks for event data anonymization [97] and on-chip
learning for continuous adaptation [379][111] will bolster security and autonomy.
Finally, standardized evaluation metrics across applications from gesture recognition
[85] to SLAM [416] will accelerate adoption, ensuring neuromorphic vision becomes

a cornerstone of next-generation robotics.
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2.8 Summary

This chapter presents two systematic reviews: one on neuromorphic computing for
interactive robotics and another on neuromorphic vision for interactive robotics.
The first review explores how neuromorphic computing, particularly spiking neural
networks (SNNs) and brain-inspired architectures, enhances robotic perception,
cognition, and visuo-motor control. The second focuses on event-based vision,
highlighting its advantages over traditional frame-based approaches in dynamic
environments. Both reviews examine the role of neuromorphic hardware, frameworks,
and algorithms in advancing human-robot interaction. While these technologies
offer significant potential, challenges such as hardware limitations, scalability, and
real-world integration remain key areas for future research. While neuromorphic
computing and vision significantly enhance interactive robotics, their deployment
on specialized neuromorphic hardware is crucial for achieving real-time performance
and energy efficiency. The next chapter explores how spiking neural networks (SNNs)
are deployed on neuromorphic platforms, discussing learning mechanisms, conversion

approaches, and practical deployment challenges.
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Chapter 3

Deploying SNN Models on

Neuromorphic Hardware

3.1 Introduction

This chapter focuses on deploying spiking neural network (SNN) models on neuro-
morphic hardware, a critical step toward efficient, real-time neuromorphic computing.
It begins by reviewing various learning mechanisms in SNNs, including unsupervised,
supervised, and reinforcement approaches. The chapter then systematically evalu-
ates ANN-to-SNN conversion methods, comparing them based on accuracy, energy
efficiency, and latency. In addition, it proposes dynamic attention-based multi-object
tracking with event-based vision systems and the SpiNNaker platform, highlighting

their potential for complex, real-world applications.

Novelty & Impact

Novelty: Provides systematic benchmarking of ANN-to-SNN conversion
methods and introduces an event-driven attention mechanism for multi-object
tracking on neuromorphic hardware (SpiNNaker).

Impact: Offers practical guidelines and demonstrates significant energy effi-

ciency and real-time responsiveness, advancing the deployment of neuromorphic

solutions in robotics.
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3.2 Learning in Spiking Neural Networks

The fundamental principles governing spiking neural networks (SNNs) differ from
those of conventional neural networks, so traditional learning techniques cannot be
applied directly without substantial modification and often become considerably more
difficult to use in practice. However, several training methods have been developed
for SNNs. For unsupervised learning, one of the most well-known approaches is Spike-
Timing-Dependent Plasticity (STDP) [217]. In STDP, synaptic weight adjustments
depend on the temporal relationship between pre- and post-synaptic spikes. According
to Hebb’s postulate, if a pre-synaptic spike arrives before the post-synaptic neuron
fires, it is deemed a causal relationship, leading to Long-Term Potentiation (LTP)
and thus strengthening the synaptic connection. Conversely, if the post-synaptic
spike occurs before the pre-synaptic spike, the relationship is anti-causal and results
in Long-Term Depression (LTD). This timing-based mechanism is captured by the
STDP function, often referred to as the learning window.

For supervised learning in SNNs, although adaptations of backpropagation have
gained prominence [219], STDP can also be extended to a supervised framework
by incorporating additional global feedback signals or error gradients on top of its
local spike-timing—based updates. Algorithms like SpikeProp [51] and FreqProp
[50] demonstrate that networks of spiking neurons, with biologically relevant time
constants, can perform complex non-linear classification tasks using temporal cod-
ing. Another supervised learning method, ReSuMe [303], is applicable not only to
movement control but also to tasks such as object identification and modelling non-
stationary systems. In reinforcement learning, several models have been proposed
for training SNNs. One such approach is the actor-critic model [304], which employs
temporal-difference learning by integrating local plasticity rules with global reward
signals. This model has demonstrated its ability to solve challenging grid-world tasks
with sparse rewards. Another reinforcement learning technique involves modulating
STDP [127], where the modulation serves as a global reward signal to facilitate

reinforcement learning.
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Feed-forward Neural Networks

Feed-forward neural networks (FNNs) move data strictly from input to output
through one or more hidden layers, with no recurrent or skip-back connections. Each
layer applies a linear transform followed by a non-linear activation, enabling the
network to approximate arbitrary static functions. Convolutional neural networks
(CNNs) and multilayer perceptrons (MLPs) are the two most common FNN variants:
CNNs exploit weight sharing for grid-like data images, tactile arrays, and odometry
maps whereas MLPs are typically applied to vector inputs. In robotics, FNNs serve
mainly as perceptual front-ends, for example classifying RGB-D images for object
recognition [336], detecting volatile compounds with electronic-nose arrays [328], and

mapping high-resolution taxel readings to contact features [293].

Recurrent Neural Networks (RNN)

Unlike feed-forward architectures, recurrent neural networks (RNNs) incorporate
feedback by passing the output (or hidden state) from a previous time step as input to
the next time step. This recursive structure, often organised in a linear chain, allows
RNNs to maintain internal memory and capture temporal dependencies. While some
designs compute the error before feeding the output back in and others after, the
defining feature remains the presence of these feedback loops, enabling RNNs to
handle arbitrary input sequences effectively. Additionally, the Liquid State Machine
(LSM) is a reservoir-computing model built from recurrent spiking neurons: the
“liquid” reservoir has fixed, random synaptic weights, and training is performed
only on a separate read-out layer—typically with linear regression or gradient-based
optimisation—while the internal connectivity itself remains unchanged [195]. In
robotics, RNNs are extensively applied in tasks such as speech recognition [20],

control [47], and path planning [321].

Hybrid Neural Network Structures

This hybrid SNN architecture consists of neurons with both feed-forward and recurrent

connections. Such hybrid structures are commonly used for end-to-end training
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in SNNs, particularly for tasks like object detection and pattern recognition [210].
Experimental studies have shown that this approach yields promising results while

reducing computational costs [209].

Hybrid Neural Network Architectures

In these architectures, Spiking Neural Networks (SNNs) interact with Artificial Neu-
ral Networks (ANNs). Here, the term ANN refers to second-generation, non-spiking
neural networks, including conventional deep learning models such as Convolutional
Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and Long Short-Term
Memory (LSTM) networks. These models employ continuous-valued activations
and are typically trained using gradient-based backpropagation. Hybrid ANN-SNN
architectures leverage the high representational capacity and mature training frame-
works of ANNs alongside the sparse, event-driven computation of SNNs. Such
hybrid systems can be trained jointly without requiring full ANN-to-SNN conversion,
often achieving high accuracy while improving computational efficiency and reducing

energy consumption compared to purely ANN-based implementations. [329].

3.2.1 Spiking Neural Network Models

Spiking Neural Networks (SNNs) are designed based on the mathematical representa-
tion of biological neurons, typically formulated using differential equations. A variety
of spiking neuron models exist because they capture different aspects of neural
dynamics, strike varying balances between biological realism and computational
simplicity, and cater to diverse application needs. For instance, simpler models (e.g.,
Leaky Integrate-and-Fire) emphasise computational efficiency, while more biologically
detailed models (e.g., Hodgkin—Huxley) account for complex ion-channel interac-
tions and membrane potentials. Between these extremes, models like Izhikevich
or Adaptive Exponential Integrate-and-Fire offer a compromise, incorporating key
spiking behaviours without incurring excessive computational cost [180]. In robotic
applications, model choice is often driven by the trade-off between simulating essen-

tial neural phenomena (such as how excitatory or inhibitory inputs shape spiking
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activity) and maintaining real-time performance. In this subsection, we will explore
some of the most influential spiking neuron models that are widely utilised in robotic

applications.

Hodgkin-Huxley Neuron Model

The first bio-inspired neural model was developed by Sir Alan Hodgkin and Sir
Andrew Huxley in 1952 [171]. Their mathematical model explains the initiation and
propagation of action potentials in neurons. It consists of a set of nonlinear differential
equations that approximate the electrical properties of neurons. Additionally, this
model describes the ionic mechanisms responsible for generating and transmitting
action potentials, specifically in the giant axons of a squid. The following differential
equation of Hodgkin-Huxley model is relating the change in membrane potential to
the current flowing across the membrane:
dvp,

Cmi Lion = Iey 3.1
it ' (3.1)

The I, is an externally applied current. C), is membrane Capacitance whereas
V., is membrane Voltage. Here the iconic current I;,, is the combination of three

components, a sodium current, a potassium current and small leakage current[335].

Leaky Integrated-and-Fire (LIF) Neuron Model

This model is widely used due to its simplicity. In the leaky integrate-and-fire (LIF)
model, each neuron has a membrane potential V,,,, along with a capacitance C,, and
a leaky channel that allows current to pass through the membrane with resistance
R,,. The movement of charge carriers across the membrane is driven by the force
voltage V.. When the membrane potential surpasses a threshold value Vj;, the neuron
generates an action potential (spike). Following the spike, the membrane potential is
reset to Vyeser. After firing, the neuron may enter a temporary state where it cannot
be excited, known as the refractory period, during which it remains unresponsive to

further inputs.
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3.2 Learning in Spiking Neural Networks

The differential equation describes how the membrane potential V,,, changes over

time ( dstm) in the face of an externally applied membrane current I,, is as follows:

d
Om;/: G (Vi = Vi) + 1, (3.2)

A simplified form of the last equation is:

dvm - Vm - ‘/e [mRm
_ =t )+ (3.3)
dt Ton

Here V., R,,, 7, are taken to be intrinsic properties of the cell while I, is the
external current and V,, is the membrane potential [106]. In hardware, the same

dynamics can be reproduced with a compact CMOS circuit, shown in Fig. 3.1.

RL
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Figure 3.1: Circuit-level realisation of a leaky integrate-and-fire (LIF) neuron. The
membrane capacitor Cyy integrates the input current through the leak resistor Ry, gener-
ating the membrane voltage Vi ;. A comparator continuously monitors V1 and produces
an output spike Voom when the voltage exceeds the threshold Vi,. The spike activates
the negative-feedback amplifier stage Ay, which rapidly discharges Cs towards the reset
potential Vieset, thereby resetting the neuron and initiating the next integration cycle. This
figure is adapted from [74].

Izhikevich Neuron Model

The Izhikevich neuron model [181] balances the biological realism of the Hodgkin-
Huxley model with the computational efficiency of the leaky integrate-and-fire (LIF)
model. It effectively replicates the spiking and bursting behaviour observed in various
types of cortical neurons [182]. This model is relatively simple, requiring only two
state variables and four tunable parameters to capture the complex dynamics of
cortical neurons [212].

This model can be represented as 2-D system of differential equations [181]:
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av,

= 0.04V.2 +5V,, + 140 — U + I, (3.4)
dU
— =a(bV,, = U), 3.5
i a( ) (3.5)
Vi ¢,
if Vi > Vieak, (3.6)
U+ U+d,

Where V,, is the membrane potential, U is the membrane recovery variable I, is
injected bias current or incoming synaptic spikes. a and b are dimensionless variables

that tweak the neuron’s behaviour based on their values.

3.2.2 Synaptic Plasticity Models

Once a suitable neural model is chosen, the next step is to determine the synapse
model that connects neurons within and across layers of the spiking neural network.
Synaptic plasticity, originally proposed by Hebb in 1949 [166], serves as a fundamental
mechanism for learning and memory, grounded in theoretical analysis. Based on the
relationship between neural activity and synaptic plasticity, these mechanisms are

generally categorized into two types: spike-based and rate-based plasticity [47].

Rate— and Spike—based

Early formulations of synaptic plasticity described weight change as a function of
the firing rate—the average spike count in a time window [26]. Such rate-based rules
are useful when a conventional ANN is trained with back-propagation and then
converted to a spiking implementation: the ANN activation a = g(u) is mapped to
the steady-state firing rate r = f(u) of a spiking neuron, provided f(-) approximates
g(+) [88, 319, 320]. This strategy enables energy-efficient SNN deployments for robotic
perception and control after an off-line ANN training phase [218, 400, 246].
Subsequent electrophysiological studies showed that weight change can also depend

on the precise timing of individual spikes [144, 196]. These spike-based rules relate
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closely to rate models: the BCM rule [369] expresses potentiation and depression
through a firing-rate threshold, and Izhikevich & Desai [183] demonstrated how the
classical BCM formulation can be obtained by integrating a pair-based spike-timing
rule over time. Thus rate- and spike-based descriptions are complementary views
of the same underlying plasticity phenomena; the choice depends on the temporal

resolution required by the task.

Spike-Timing-Dependent Plasticity (STDP)

STDP refines spike-based plasticity by making the weight update Aw an explicit
function of the pre-/post-spike interval At = t,o5t — tpre:

Al exp(—At/ry), At >0 (pre— post)
Aw(At) = (3.7)

—A_exp( At/7-), At <0 (post— pre)
where A, and A_ set the peak magnitudes of potentiation and depression, and
T4, T_ are their respective time constants. Implemented in both silicon and software,
STDP has enabled online learning of sensorimotor mappings in mobile and humanoid

robots, as well as adaptive feature extraction in event-based vision systems.

3.3 ANN-to-SNN Conversion

Training a Spiking Neural Network (SNN) directly from scratch presents consider-
able challenges due to the non-differentiable nature of spike-generation functions.
Traditional gradient-based backpropagation methods fail because the spike function
derivative is zero almost everywhere. One effective strategy to overcome this issue
is the surrogate gradient approach, where, during backpropagation, the exact spike
function is replaced by a differentiable surrogate function, such as a smooth sigmoid,
to approximate the true spike function near the threshold [401]. Although surrogate
gradient and biologically inspired training methods like spike-timing-dependent plas-

ticity (STDP) enable direct SNN training, they often require extensive computational
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resources and do not consistently achieve the performance levels attained by Artificial
Neural Networks (ANN).

To mitigate these issues, ANN-to-SNN conversion has emerged as a practical alter-
native. This approach exploits the training efficiency and performance robustness of
conventional ANN frameworks like PyTorch or TensorFlow. The ANN is first trained
traditionally using gradient-based backpropagation until convergence. Afterwards,
the trained ANN model is converted into an SNN by mapping continuous-valued
neuron activations into discrete spike trains. This conversion involves replacing
conventional activation functions with spiking neuron models, whose membrane
potentials and firing thresholds are adjusted to approximate ANN neuron outputs
as firing rates averaged over time. This methodology preserves ANN-level accuracy
while leveraging the inherent energy efficiency and temporal sparsity advantages of
spiking networks. Despite its advantages, ANN-to-SNN conversion is accompanied
by several inherent challenges. Conversion typically introduces discrepancies between
ANN continuous activations and discrete spike events, potentially causing accuracy
loss, especially in deeper networks [93]. Additionally, conversion strategies usually
result in trade-offs among accuracy, latency (inference time steps), and energy effi-
ciency (total spike count) [401]. For instance, rate-based coding maintains accuracy
at the cost of excessive spikes, whereas temporal coding achieves sparse activity
at the expense of accuracy sensitivity [390]. To address these trade-offs, various

strategies have been developed:

o Rate Coding: Converts ANN activations proportionally into spike rates, ensuring
high accuracy for shallow models but producing excessive spikes in deeper

networks [390].

o Temporal Coding: Encodes activation magnitudes through precise spike timing,

improving sparsity but requiring high temporal precision [318].

o Threshold Adjustment: Post-conversion tuning of neuron thresholds to minimize
quantization errors and reduce spike counts, though at the cost of higher latency

and manual tuning complexity [161].
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o Hybrid Training: Combines ANN pre-training with a brief surrogate gradient
fine-tuning stage post-conversion, aiming to restore accuracy while preserving

spike efficiency [390].

3.4 Systematic Evaluation of ANN-to-SNNN Con-
version Approaches

To rigorously assess ANN-to-SNN conversion, we systematically evaluated five promi-
nent approaches: Rate Coding (SNNToolbox [320]), Temporal Coding (BrainCog
[410]), Threshold Adjustment (SNNToolbox [320]), Surrogate Gradient Descent
(SNNTorch [113]), and Hybrid ANN-SNN Training (BrainCog [410]). We also trained
native SNNs using surrogate gradients to establish baseline performance metrics. Ex-
periments were conducted on three widely-used datasets with increasing complexity:
MNIST [37], Fashion-MNIST [398], and CIFAR-10 [100].

Our contributions include:

1. Providing a comprehensive comparison of conversion approaches in terms of

accuracy, spike efficiency, latency, and complexity.

2. Empirically demonstrating how dataset complexity influences the optimal

choice of conversion strategy.

3. Establishing practical guidelines for selecting conversion methods based on

specific application constraints.

We focused exclusively on these core conversion techniques, excluding methods
like Spike Propagation-based Training [218] and Liquid State Machines [361], to

maintain clarity and relevance.

3.4.1 Experiments

We trained ANN models individually on each dataset, subsequently converting them
into SNN models using the five specified approaches. The following subsections

describe the training details and conversion rationale.
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Table 3.1: Comparison of ANN-to-SNN Conversion Approaches

Category Coding Training | Key Fea- | Advantages | Best For
Scheme tures
Native SNN | Temporal | From Biologically Energy- Event-
coding scratch plausible, efficient, based
sparse spikes | temporal data
dynamics
Rate-Based | Rate cod-| Pre- Simple, no | Easy to | Static
ing trained | temporal implement, | image
ANN dynamics accurate on | datasets
static data
Surrogate Rate cod- | Fine- Enables SNN | Balances ac- | Dynamic
Gradient ing w/ gra- | tuned training, mod- | curacy & ef- | datasets
dients ANN erate spikes ficiency
Temporal Temporal | Pre- Encodes mag- | Energy- Low-
Coding coding trained | nitude into | efficient, power
ANN timing, sparse | preserves temporal
spikes timing data
Threshold Adjusted Pre- Balances Customizable | Trade-offs
Adjustment | rate coding | trained | accuracy & | thresholds between
ANN efficiency, re- accuracy
duced spikes & energy
Hybrid Hybrid Pre- Combines Balanced Mixed
ANN-SNN ANN-SNN | trained | ANN speed | speed, data
ANN +| & SNN effi- | flexible ar- | types
SNN ciency, sparse | chitecture
spikes in SNN
layers

ANN Training

ANN architectures were specifically designed for each dataset to facilitate subsequent
conversion to SNN models. The base architecture, comprising two convolutional
layers (kernel size , padding=1) followed by ReLU activations and max-pooling, and
two fully connected layers, was adjusted to match dataset-specific complexities, as
detailed in Table 3.2.

Models were trained using the Adam optimiser with an initial learning rate of
0.001, applying the ReduceLROnPlateau strategy, which reduces the learning rate by

a factor of 0.1 upon plateauing of the validation loss for ten epochs. Cross-entropy
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Table 3.2: ANN architectures and training details for MNIST, Fashion-MNIST, and
CIFAR-10 datasets.

Dataset ANN Architecture Training Details & Val Acc.
MNIST 3-layer CNN (Conv-ReLU-Pool, FC) Adam, Cross-Entropy, 99.2% acc.
Fashion-MNIST | 4-layer CNN (Conv-ReLU-Pool, FC) Adam, Cross-Entropy, 94.1% acc.
CIFAR-10 VGG-like CNN (Conv-ReLU-Conv, FC) | SGD, Data Aug., 88.4% acc.

loss was consistently employed for optimisation. A batch size of 64 and early stopping
with patience set at 15 epochs ensured efficient convergence and mitigated overfitting.

Data was normalised to zero-centred distributions. For CIFAR-10, standard
augmentation techniques, including random horizontal flips and random cropping
with padding, enhanced model generalisation, while simpler datasets like MNIST
required no augmentation. Batch normalisation was systematically applied post-
convolution to ensure stable training dynamics. All training occurred on an NVIDIA
RTX 3080 GPU for a maximum of 200 epochs, selecting models based on optimal

validation loss.

Native SNN Training as a Baseline

To contextualise the effectiveness of ANN-to-SNN conversion, native SNN models
were trained directly using surrogate gradient methods. This baseline provides a
principled point of comparison, reflecting the performance attainable by models
optimised within the spiking domain under the same training conditions. It enables a
fair comparative analysis, revealing the trade-offs inherent in conversion methods, such
as accuracy degradation or increased latency and spike count. Surrogate gradients
employed a smooth sigmoid function to approximate spiking neuron derivatives during
backpropagation. Inputs from non-spiking datasets were encoded into spike trains
through rate-based encoding. Membrane potential dynamics were carefully tuned
during training by adjusting parameters such as neuron thresholds and membrane
decay rates to optimise neuron responsiveness and spike propagation. The complexity
of CIFAR-10 required additional regularisation methods and increased training epochs
compared to MNIST and Fashion-MNIST, as empirically validated by observed

convergence behaviour and validation accuracy stabilisation during training.
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Conversion Algorithms

ANN-to-SNN conversion employs diverse encoding strategies to balance accuracy,
energy efficiency, and complexity. Rate coding maps ANN activations directly to
firing rates using Poisson-distributed spike trains. While accurate, it produces
higher spike counts, leading to increased energy consumption and latency [408].
Alternatively, temporal coding encodes activations through spike timing, achieving
sparse and efficient representations but requiring precise synchronization, thus being
noise-sensitive [229]. Threshold adjustment reduces quantization errors by tuning
neuronal thresholds after conversion, significantly decreasing spike counts without
major accuracy loss, although manual calibration is required [163]. Surrogate gradient
descent leverages ANN-trained weights as initial parameters and refines them using
differentiable surrogate functions for spike generation. Despite effectively optimising
accuracy and spike efficiency, this method demands careful hyperparameter tuning
[19]. Lastly, hybrid ANN-SNN training combines ANN layers for early feature
extraction with SNN layers for subsequent event-driven processing, trading biological
plausibility for improved performance on complex datasets. Because part of the
computation is performed by non-spiking ANN components, activity-based metrics
such as average spikes per neuron cannot be directly compared with fully spiking
SNN-only models. [345]. These strategies collectively offer flexible solutions tailored
to diverse application requirements.

Algorithm 1 shows the conversion pipeline.

3.4.2 Results and Discussion

The evaluation across MNIST, Fashion-MNIST, and CIFAR-10 datasets provides a
comprehensive understanding of the strengths and limitations of various ANN-to-
SNN conversion methods. All average spike counts per neuron are computed over
a simulation window of 25 time steps. Each model was trained and evaluated over
multiple independent runs with different random initialisations and data shuffling,

and results are reported as mean + standard deviation to assess statistical robustness.
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Algorithm 1 ANN-to-SNN Conversion Pipeline

1: procedure ANN__TO_ SNN(ann_model, method)
2 Load pre-trained ANN model ann__model

3 Initialize empty SNN model snn_model

4 if method = Rate-Based then

5: Convert activations to firing rates

6 Map weights and biases directly from ANN
7 else if method = Surrogate Gradient then

8 Replace ReLLU activations with LIF neurons
9: Fine-tune using surrogate gradients

10: else if method = Temporal Coding then

11: Map input magnitude to spike timing

12: Calibrate SNN layers to preserve timing dynamics
13: else if method = Threshold Adjustment then

14: Transfer ANN weights and biases to SNN

15: Dynamically adjust thresholds based on activations
16: else if method = Hybrid ANN-SNN then

17: Retain ANN-like layers for early processing

18: Convert, deeper layers to SNN with LIF neurons

19: end if

20: Return snn_ model

21: end procedure
22: procedure EVALUATE__SNN(snn_model, dataset)

23: Initialize variables: accuracy, spike count, latency
24: for each batch in dataset do

25: for each time step t do

26: Simulate spike activity in snn_model

27: end for

28: Compute accuracy and total spikes

29: end for

30: Measure latency as total simulation time

31: Return accuracy, spike count, latency

32: end procedure
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For MNIST, a dataset with low spatial complexity, all conversion approaches
achieved high accuracy, closely matching the baseline ANN performance of 99.2%.
Temporal Coding yielded the best SNN performance with 97.92% accuracy, low
average spikes per neuron (0.126), and a competitive inference latency of 1186.04
ms, where latency refers to the total time required to process all simulation steps
during inference. The Hybrid Approach similarly achieved high accuracy (97.73%)
and demonstrated the lowest latency (940.18 ms), indicating computational efficiency.
Native SNNs, trained directly without ANN pre-training, achieved 97.68% accuracy
with an average spike count of 0.105, demonstrating efficient spiking behaviour but
slightly reduced accuracy compared to converted models. Rate-Based and Surrogate
Gradient approaches maintained high accuracy (97.75% and 97.7%, respectively) but
exhibited higher spike counts and latencies, reflecting inherent trade-offs. Thresh-
old Adjustment resulted in the lowest accuracy (96.85%), highlighting calibration
difficulties even in simpler datasets.

Fashion-MNIST, with moderate complexity, revealed clearer distinctions. The
Hybrid Approach achieved the highest accuracy (93.34%) and the lowest latency
(1750.32 ms) with low spike counts (0.221). Temporal Coding maintained high
efficiency, achieving 92.12% accuracy with the sparsest activity (average spikes
0.184) but higher latency (2100.54 ms). Surrogate Gradient Descent demonstrated
competitive performance (91.25%), though latency remained slightly elevated. Native
SNNs and Rate-Based conversions underperformed relative to Hybrid and Temporal
methods, while Threshold Adjustment again struggled, with the lowest accuracy
(87.1%) and the highest spike count (0.265).

Table 3.3: Comparison of ANN-to-SNN conversion methods on MNIST, Fashion-MNIST,
and CIFAR-10 datasets. Results are reported as mean =+ standard deviation over multiple
independent training runs.

Method Accuracy (%) Avg Spikes/Neuron Latency (ms)

MNIST F-MNIST CIFAR-10 MNIST F-MNIST CIFAR-10 | MNIST F-MNIST CIFAR-10
Native SNN 97.68 £0.21 89.34+£0.35 71.54+0.48 | 0.105+£0.006 0.2124+0.011 0.290 £0.015 | 913+£42  2300+£95 7608 + 210
Rate-Based 97.75+£0.18 88.60 £0.40 67.42+0.52 | 0.130 £ 0.007 0.245+0.013 0.317£0.017 | 1190 £50 2700+ 110 8308 + 245
Surrogate Gradient 97.70 £0.19 91.25+0.33 78.05+£0.41 | 0.131 £0.006 0.226+0.012 0.282+0.014 | 1094 +47 1901 +£88 6130+ 198
Temporal Coding 97.92+£0.16 92.12+£0.30 79.89+0.38 | 0.126 £ 0.005 0.184 +£0.010 0.201 £0.012 | 1186 £53 2101 £92 6909 &+ 205
Threshold Adjustment 96.85 +0.24 87.10 +0.42 73.71+0.49 | 0.141 +0.008 0.265 +0.015 0.352 +£0.018 | 979 +45 1951 +£87 6135+ 190
Hybrid Approach 97.73 £0.17 93.34+£0.28 83.76+0.35 | 0.136 £ 0.006 0.221 +£0.011 0.282£0.013 | 94039 1750 £80 5853 £ 175
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Spike Efficiency across Datasets
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Figure 3.2: Comparative evaluation of ANN-to-SNN conversion methods on MNIST,
Fashion-MNIST, and CIFAR-10. Each method is assessed across three metrics: classification
accuracy (bottom), spike efficiency measured as average spikes per neuron over 25 time steps
(top), and inference latency computed as total processing time across all time steps (middle).
The results highlight trade-offs between accuracy, energy efficiency, and computational cost
for each method and dataset.
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CIFAR-10, the most complex dataset, further emphasised method robustness.
The Hybrid Approach outperformed all others, achieving 83.76% accuracy, the lowest
latency (5852.61 ms), and low spike counts (0.282). Temporal Coding followed with
79.89% accuracy and the sparsest firing (0.201 average spikes per neuron). Surrogate
Gradient achieved 78.05% accuracy with moderate spike and latency metrics. Native
SNNs and Rate-Based conversions exhibited reduced performance, with Native SNNs
achieving 71.54% accuracy and Rate-Based only 67.42%. Threshold Adjustment
provided reasonable accuracy (73.71%) but incurred the highest spike activity (0.352).
Notably, Native SNNs consistently produced low spike counts across all datasets,
affirming their energy efficiency. However, their accuracy declined markedly as
dataset complexity increased, underscoring the advantage of ANN-to-SNN conversion
strategies for maintaining robust performance.

Overall, these results reveal that dataset complexity profoundly influences con-
version performance. As complexity rises, differences among methods become more
pronounced. Hybrid Approaches demonstrate superior capability in managing diverse
features while maintaining high accuracy and low latency, making them suitable for
applications prioritising predictive performance, such as embedded Al or real-time
vision systems. In contrast, for deployment scenarios where energy efficiency is
critical, such as neuromorphic hardware implementations, Temporal Coding can
be preferable due to its reduced spiking activity, which is a primary contributor to
dynamic energy consumption in event-driven systems. Specifically, Temporal Coding
decreases the average spikes per neuron by approximately 18.6% on Fashion-MNIST
and 28.7% on CIFAR-10 relative to the surrogate-gradient SNN baseline (Table 3.3).
Assuming energy scales approximately with synaptic event count, these reductions
suggest a corresponding decrease in compute energy, although the precise savings
depend on the hardware architecture. Figure 3.2 presents the comparative bar
plots of the results, and Table 3.3 summarises the detailed performance metrics.
Overall, the choice of ANN-to-SNN conversion strategy should be guided by dataset
complexity and application constraints: hybrid approaches are best suited for high-
accuracy and low-latency scenarios, while temporal coding is more appropriate for

energy-constrained neuromorphic deployments.
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3.5 Deploying SNN models to SpiNNaker

So far, we have systematically analysed ANN-to-SNN conversion approaches in
simulation. However, simulation-based evaluation does not fully capture the temporal
dynamics, communication overhead, and energy characteristics of real neuromorphic
hardware. To validate the practical efficiency and deployability of the proposed
models, the next step is to implement them on dedicated neuromorphic hardware. In
this work, we deploy the SNN model on a 48-chip SpiNNaker board, which provides
massively parallel, event-driven computation designed specifically for large-scale

spiking neural networks.

3.5.1 48-Chip SpiNNaker

The SpiNNaker (Spiking Neural Network Architecture) project is an innovative
initiative spearheaded by the University of Manchester in collaboration with academic
and industrial partners [291]. It is designed to simulate large-scale Spiking Neural
Networks (SNNs) in real-time by leveraging a biologically inspired high-performance
computing architecture. One of its key strengths lies in its fault tolerance and energy
efficiency, which resemble the characteristics of the human brain. The SpiNNaker
system achieves this by implementing a highly parallel computing structure, enabling
real-time neural computations with significantly lower power consumption compared
to conventional architectures. SpiNNaker board consists of interconnected SpiNNaker
chips and boards, where each custom Application-Specific Integrated Circuit (ASIC)
chip contains 18 low-power ARM processors similar to those found in mobile devices.
Despite their low power consumption (each chip with 1W power budget), these
processors are fully programmable, allowing them to execute a variety of neural and
synaptic models. Neuron spikes generated during simulations are transmitted as
short data packets across a bespoke Network-on-Chip (NoC). This network facilitates
efficient inter-chip communication, ensuring seamless data transfer between processors,
both within a chip and across multiple chips in the system. Each processor can
handle multiple neurons simultaneously, depending on the computational complexity

of the neural model. This scalability allows SpiNNaker to simulate hundreds of
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Figure 3.3: A 48-chip SpiNNaker board.

millions of neurons when fully deployed. PyNN [87], a high-level modelling language
widely used in computational neuroscience, manages the definition and configuration
of spiking neural networks (SNNs) on SpiNNaker. Given the vast scale of simulations,
manually defining individual neurons and their connections becomes impractical.
Instead, PyNN enables hierarchical network descriptions, allowing users to design
and implement complex neural architectures efficiently.

To enable the use of SNNs on SpiNNaker, a dedicated SpiNNaker configuration
software stack is utilised. It processes high-level network descriptions from PyNN,
subdivides them into manageable sections, and allocates them to the available
processors according to the topology and computational potential of the SpiNNaker
system. For instance, a simulation involving 10,000 neurons can be segmented
into chunks, with each segment managed by a designated processor, thus ensuring
efficient allocation of resources and effective data flow management. SpiNNaker offers
two primary methods for accessing simulation results: post-simulation analysis and
real-time data streaming. In post-simulation analysis, PyNN allows the recording of
key parameters, such as neuron membrane potentials over time. Once the simulation
concludes, these recorded values can be extracted, analysed, and visualised to gain
insights into neural activity. On the other hand, real-time data streaming enables
live data retrieval during simulations, allowing continuous monitoring of spikes and

neural activity as they occur. This capability is particularly beneficial in robotic
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applications, where real-time feedback loops must be dynamically adjusted for

effective performance.

3.5.2 SNN Models Deployment

A systematic evaluation of ANN-to-SNN conversion methods is detailed in Section
3.4. Our findings demonstrate that with appropriate conversion and fine-tuning
techniques, the accuracy of Spiking Neural Networks (SNNs) can closely approximate
that of their original Artificial Neural Network (ANN) counterparts. However, the
central motivation for adopting SNNs extends beyond accuracy preservation; it lies in
exploiting their core advantages, namely, energy efficiency, event-driven computation,
and suitability for neuromorphic hardware.

To realise these benefits, we deployed the converted SNNs onto SpiNNaker, a
neuromorphic computing platform designed to emulate large-scale spiking neural
systems. Unlike conventional CPUs or GPUs, SpiNNaker executes event-based
computations in a massively parallel and asynchronous manner, aligning with the
operating principles of biological neural networks. This deployment enables a realistic
assessment of SNN performance under practical hardware constraints, focusing
particularly on power efficiency and processing latency. Simulation parameters
were tuned to reflect dataset-specific demands. For MNIST and Fashion-MNIST,
simulations ran for 100 milliseconds per input sample, using a batch size of 64. A
fixed simulation time step of 0.1 ms was applied. Inputs were encoded using a
Poisson spike generator, where the instantaneous spike probability was modulated by
the ANN activation at each pixel location. A baseline maximum input rate of 1000
Hz was applied to ensure sufficient encoding bandwidth. Synaptic dynamics were
modelled using first-order exponential kernels, with excitatory and inhibitory synaptic
time constants (Tgynp and Teynr) set to 0.1 ms and 0.05 ms, respectively. Although
separate inhibitory neuron populations were not implemented, inhibitory behaviour
was incorporated by adjusting the membrane decay constants to control the rate at
which neuron activity diminished over time, effectively suppressing sustained firing

in a manner analogous to inhibitory input. For CIFAR-10, the simulation duration

65



3.5 Deploying SNN models to SpiNNaker

was extended to 500 ms per sample to accommodate the dataset’s greater feature
complexity. The maximum input spike rate was increased to 4000 Hz to ensure
sufficient activation in deeper convolutional layers. The excitatory synaptic time
constant was increased to 0.1 ms to allow more sustained current integration, while
the inhibitory constant remained fixed at 0.05 ms.

To preserve consistency across models, weight normalisation was disabled, and
exponential weight scaling was applied during conversion to ensure dynamic range
compatibility with spiking thresholds. Power consumption was continuously moni-
tored using on-board energy tracking tools. Furthermore, both the ANN inference
time and the SNN simulation runtime were recorded to benchmark computational
efficiency. This hardware-based evaluation serves as a critical validation step, bridg-
ing the gap between theoretical conversion accuracy and practical performance, and
highlights the viability of SNN deployment in real-time, energy-sensitive applications
such as edge computing and autonomous systems.

The key configuration parameters used for deploying the converted SNN models

on SpiNNaker are summarized in Table 3.4.

Table 3.4: Configuration Parameters for SNN Deployment on SpiNNaker

Parameter MNIST / FMNIST | CIFAR-10

Simulation Duration 100 ms 500 ms
Batch Size 64 64

Time Step (dt) 0.1 ms 0.1 ms

Input Spike Rate 1000 Hz 4000 Hz
Excitatory STC (Tsynr) 0.1 0.1
Inhibitory STC (7synr) 0.05 0.05

Exponential Weight Scaling Enabled Enabled

Power Profiling

To evaluate the power efficiency of SNN execution on SpiNNaker, we performed
empirical measurements of electrical current and voltage under two conditions: (i)
idle, when the SpiNNaker board was powered but not executing any models, and (ii)
active, during the execution of converted SNN models for MNIST, Fashion-MNIST,

and CIFAR-10. Power consumption was calculated using the standard relation
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Figure 3.4: Measurement setup for evaluating the power consumption of the SpiNNaker
board. A voltmeter is connected in parallel to measure the supply voltage across the board,
while an ammeter is placed in series to measure the total current drawn

P =V x I, based on voltage (V) and current (I) readings obtained via digital
multimeters. The measurement setup is illustrated in Figure 3.4, where the ammeter
was connected in series with the power supply to measure current draw, and the
voltmeter was connected in parallel to measure supply voltage across the SpiNNaker
board.

In the idle state, the SpiNNaker board consumed 27.10W (2.261A, 11.98V), con-
sistent with previously reported ranges of 25—30W [198]. During active execution,
each SNN model incurred a modest increase in power consumption, reflecting compu-
tational overhead associated with spiking activity and synaptic processing. Execution
of the MNIST model increased power to 30.45W (2.559A, 11.90V), corresponding
to a 3.35W overhead. The Fashion-MNIST model showed a similar consumption
of 30.36W (2.548A, 11.92V), while CIFAR-10 yielded the highest recorded value at
30.53W (2.547A, 11.92V). These results demonstrate that although the increase in
power consumption is relatively small, it scales consistently with task complexity,
particularly evident when transitioning from simpler (MNIST) to more complex
(CIFAR-10) datasets. This suggests that while SpiNNaker enables energy-efficient
SNN inference, variations in power consumption consistently track dataset complex-
ity, with more demanding inputs producing higher measured power draw across
experiments, indicating a systematic relationship between computational load and
energy usage.

One of the key observations from the power profiling results is that power

consumption does not scale linearly with dataset complexity alone. While datasets
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Table 3.5: Power consumption of the SpiNNaker board during SNN deployment. AP
represents the change in power relative to the idle state.

Scenario | Current (A) | Voltage (V) | Power (W) | AP (W)
Idle State 2.261 11.98 27.10 -
MNIST 2.559 11.90 30.45 +3.35
FMNIST 2.548 11.92 30.36 +3.26
CIFAR-10 2.561 11.92 30.53 +3.43

such as CIFAR-10 are inherently more complex due to their colour channels and
diverse object classes, the corresponding SNN models deployed to process them are
also architecturally deeper and contain a greater number of parameters. Therefore,
attributing increased power usage solely to dataset complexity conflates it with the
influence of model complexity. The observed variation in power consumption is better
understood as a combined effect of both factors. More critically, power usage in SNNs
is primarily governed by spike activity rather than static model characteristics. Due
to the event-driven communication paradigm of SNNs, the dominant dynamic energy
cost is associated with spike transmission and synaptic event processing; however,
baseline energy is still consumed for neuron state updates and circuit operation
even in the absence of spiking activity. As demonstrated in our profiling, even the
execution of more complex models for CIFAR-10 resulted in only a marginal increase
in power consumption (approximately 3.43 W above the idle state). This behaviour
is consistent with prior studies, such as Rast et al. (2020), which highlight the
role of spike sparsity in limiting energy expenditure, and Diehl et al. (2015), who
reported comparable power overheads (2-5 W) for SNN workloads on SpiNNaker.
These findings highlight that, while the overall SpiNNaker board exhibits substantial
baseline (idle) power consumption due to system-level components, the incremental
power attributable to chip-level neural computation remains comparatively low
and scales weakly with model and dataset complexity. This indicates that energy
efficiency is realised primarily at the neuromorphic processing level rather than
at the full-board system level. While future work could benefit from normalising
power consumption with respect to model size or spike rate to enable more rigorous

cross-dataset comparisons, the current results demonstrate that SpiNNaker effectively
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leverages the temporal sparsity of SNNs to maintain low power usage during inference,
even under increasing computational loads [287].
In the following section, we extend this evaluation to a dynamic setting using an

event-based camera and SpiNNaker for attention-guided multi-object tracking.
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3.6 Event-Driven Dynamic Attention for Multi-
Object Tracking on SpiNNaker

We introduce a real-time, event-driven multi-object tracking system that leverages
the SpiNNaker neuromorphic platform in combination with a Dynamic Vision Sen-
sor (DVS). At the core of our methodology lies an innovative dynamic attention
mechanism, inspired by grid cells in the hippocampus. Grid cells are specialized
neurons that form a regular, hexagonal lattice representation of space within the
mammalian brain, enabling efficient navigation and spatial memory. Analogously, our
approach employs recurrent spiking neural networks (SNNs) that mimic this stable
spatial encoding, allowing the system to robustly maintain attention on multiple
moving objects even in the presence of distractors. State estimation and motion
prediction are performed through Kalman filtering, while morphological open and
close operations enhance object detection accuracy. This integrated approach enables
precise tracking of objects, including scenarios where they decelerate significantly or
stop completely. Our design thus presents a scalable and energy-efficient solution
tailored for real-time robotic applications, validated through experiments in dynamic
scenarios such as swarm robot evasion.

Multi-object tracking (MOT) represents a significant challenge in computer vision,
as it involves preserving the identity and trajectory of several objects across video
frames. This challenge becomes increasingly complex when objects move at varying
speeds or interact dynamically in real time [236]. Traditional frame-based tracking
methods typically require substantial computational resources, particularly under
conditions of rapid movement leading to significant pixel displacement between frames
[411]. By contrast, the high temporal resolution provided by event-based vision
systems helps address these challenges effectively, enabling more robust and accurate
tracking in cases where objects decelerate significantly or nearly halt [263, 269].
Additionally, event-driven cameras offer the advantage of interactive, real-time target
selection, providing adaptability that is difficult to achieve with conventional frame-

based approaches.

70



3.6 Event-Driven Dynamic Attention for Multi-Object Tracking on
SpiNNaker

Table 3.6: Summary of Existing Research on Object Tracking, Attention Mechanisms,
and Neuromorphic Hardware

Reference MOT | Attention | NH
Indiveri et al. (2000) [178] No Yes Dedicated NH
Lichtsteiner et al. (2008) [230] | No No No

Frisch et al. (2015) [131] Yes Yes No
Mueggler et al. (2016) [269] Yes No No

Zhu et al. (2018) [419] Yes No No
Mitrokhin et al. (2018) [263] Yes No No
Pereira et al. (2018) [297] Yes Yes No
Renner et al. (2019) [311] No Yes Loihi
Wang et al. (2023) [385] Yes No No

Afshar et al. (2020) [2] Yes No No
Monforte et al. (2023) [266] Yes No No

Ralph et al. (2022) [306] Yes Yes No

Gava et al. (2022) [139] No Yes SpiNNaker
This Work (2025) [7] Yes Yes SpiNNaker

Event-based vision sensors excel in capturing fast dynamic events; however, the
real-time processing of their outputs necessitates specialized hardware capable of
handling asynchronous and data-driven signals (see section 1.2). Neuromorphic
hardware such as the SpiNNaker chip [347], which mimics the parallel processing
capabilities of biological neural networks, addresses this requirement effectively [137]
(see subsection 3.5.1 for further details). Designed specifically for asynchronous
spike management, this type of hardware provides an optimal platform for deploying
complex spiking neural network algorithms in applications like event-based MOT.

Unlike many existing MO'T solutions, our focus is on addressing the challenge
of handling objects at varying speeds, and we demonstrate that interactive, real-
time selection of tracked objects is feasible. Similar principles have been applied
in neuromorphic engineering for instance, in the design of a dedicated spiking
neuromorphic chip for attention [178] and Renner et al. [311] employed the Intel
Loihi chip for single object detection. Here, we showcase MOT on the versatile
SpiNNaker platform, which can also support tasks in motor control, cognition, and

vision. Our system is built around a recurrent spiking neural network (SNN) that
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Figure 3.5: Hardware setup for event-based tracking using SpiNNaker.

utilises attractor dynamics to maintain selective attention on the tracked object
while suppressing irrelevant distractors [131, 297]. By integrating these components,
our approach achieves high tracking accuracy for targets exhibiting various motion
profiles, reduces the overall event load, and operates at low power. Table 3.6 offers
a comparison of different studies focused on event-based object tracking, attention

mechanisms, and the application of neuromorphic hardware (NH).

3.6.1 Hardware Setup

Our configuration combines a CenturyArk SilkyCam VGA event camera [14] with a
SpiNNaker 48-chip board [134], as depicted in Figure 3.6. The CenturyArks Silky-
Cam uses a sensor designed by Prophesee (table 2.8) and it captures asynchronous
brightness variations at a 640x480 resolution, streaming events in real time via USB
to a laptop. This laptop primarily functions as an interface to execute PyNN scripts
that configure and control neural simulations on the SpiNNaker board.

As illustrated in Figure 3.6, the SilkyCam is linked to the SpiNNaker board via
an interface machine. This setup enables the system to (1) acquire event data from

the camera, (2) preprocess these events, and (3) configure and control spiking neural
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Figure 3.6: FEvent-based multi-object tracking pipeline implemented on SpiNNaker.
The blue region denotes input preprocessing, including raw event acquisition from the
SilkyCam, morphological filtering, heat map generation, and Kalman filtering. The yellow
region represents spatial mapping, where filtered events are projected onto grid neurons
and organised into spatial representations via ZeroM(Q communication. The green region
corresponds to neuromorphic decision-making, comprising the attention mechanism, spiking
computation on SpiNNaker, and the final control module for real-time output generation.
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network simulations using PyNN [87]. The PyNN scripts define network parameters,
neuron models, and synaptic connections while simulating the SpiNNaker in real
time. During preprocessing, morphological filtering is applied to reduce isolated noise
events and enhance spatially coherent motion regions. Events are accumulated over
a short 5 ms window to form a binary event surface. A 3x3 morphological opening
operation (erosion followed by dilation) removes sparse noise, while a subsequent
closing operation (dilation followed by erosion) fills small gaps within dense event
clusters. This improves spatial consistency and reduces unnecessary spiking activity
before neuromorphic processing. Concurrently, the board sends back spike data
or other relevant outputs (e.g., tracking information) for logging and visualisation.
This hardware arrangement supports real-time experimentation and interactive
object selection, offering a robust platform for further development and testing of

neuromorphic vision applications like multi-object tracking.

3.6.2 Brain-Inspired Attractor Dynamics for Multi-Object

Tracking

Our multi-object tracking algorithm is biologically inspired by the spatial coding
principles of hippocampal grid cells, which form robust representations of continu-
ous space [343]. While grid-cell activity is primarily associated with self-location,
these mechanisms provide a useful computational analogue for maintaining stable
spatial representations under dynamic conditions, which we leverage to handle ob-
jects undergoing variable motion [202]. Initially, raw events are consolidated into
a brief accumulation map (5ms), normalized, and then merged with a decaying
memory map to create a heatmap of recent activity. By applying thresholding
along with basic morphological operations (open/close) on this heatmap, we obtain
clean, high-contrast regions corresponding to object locations [43]. A connected
components analysis is then performed to extract bounding boxes and centroids for
these regions. To track multiple targets, the system deploys several “trackers,” each
using a Kalman filter [225] to smooth short-term motion and predict future positions.

Data association is achieved by measuring the Fuclidean distance between new
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detections and each tracker’s current centroid. If a detection falls within a specified
distance threshold, the corresponding tracker is updated; otherwise, the tracker’s
“miss count” increases, and if mismatches persist, that tracker is removed. The
distance threshold was determined empirically by analysing centroid displacement
statistics across consecutive frames on a validation sequence. The value was tuned to
balance false associations and missed detections, ensuring robust performance under
moderate motion variability. Sensitivity analysis confirmed that small variations
in the threshold did not significantly affect tracking stability. When an unmatched
detection occurs and there is an available ID slot, a new tracker is created to lock
onto the target. Figure 3.6 illustrates an overview of our event-driven multi-object
tracking pipeline.

For real-time dissemination of spatial information, each track’s centroid is discre-
tised onto a 32x24 grid, selected as a compromise between spatial resolution and
communication efficiency. This resolution preserves sufficient localisation accuracy
for downstream control while minimising memory usage and event traffic, which is
critical for low-latency processing on neuromorphic hardware. These coordinates are
then published via ZeroM@), a high-performance, asynchronous messaging library
designed for efficient and reliable real-time data exchange [402]. ZeroMQ enables
communication between the tracking module running the neural simulation and ex-
ternal systems, facilitating seamless integration with visualisation interfaces, robotic
controllers, or other downstream applications. The publish-subscribe messaging
pattern implemented through ZeroMQ ensures low-latency updates, allowing sub-
scribers to receive continuous, real-time tracking information without polling delays
or performance bottlenecks. Additionally, a selective attention mechanism allows
users to interactively toggle the tracking of individual or multiple objects by pressing
digit keys. This mimics cortical spotlight attention, enabling the system to monitor
multiple targets concurrently while prioritizing specific objects as required [403].
The combination of short accumulation intervals, memory-like decay, morphological
filtering, Kalman-based smoothing, and interactive selection collectively produces

stable attractor dynamics. These dynamics effectively manage diverse motion profiles,
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including objects undergoing rapid movements or decelerations. Algorithm 2 outlines

the complete multi-object tracking process.

3.6.3 Implementation of Neural Simulation on SpiNNaker

Building on this foundation, we explicitly model the continuous attractor dynamics
that underpin the tracking layer. In computational neuroscience, an attractor network
is characterised by recurrent connectivity that gives rise to stable activity patterns
that persist even after the driving input is removed. To emulate this, the 32x24 grid
of 768 leaky-integrate-and-fire neurons is wired with a local excitatory and long-range
inhibitory topology (Mexican-hat profile). Each incoming centroid, injected as a brief
spike packet, shifts the location of the activity bump to the new object position. The
recurrent weights then maintain this bump in a quasi-stable equilibrium, providing
temporal continuity whenever the event stream momentarily vanishes (for instance,
when an object slows down or pauses). Incoming tracking data, parsed robustly via

JSON; is used to compute neuron IDs using equation 3.8.

. . ) . z
neuron_ id = mm({AyJ, N, — 1) x N, + mm({mJ, N, — 1) (3.8)

where x and y are the object’s coordinates, Az and Ay represent the grid cell sizes,
and Nz and Ny are the grid dimensions. The resulting neuron IDs and associated
tracking errors are then logged to CSV files for later analysis. A dedicated spike
injector population, connected one-to-one with the tracker neurons, ensures that
each detected event triggers an appropriate spike, simulating the neural response
to spatial stimuli. The simulation leverages the IF-curr-exp neuron model [87] on
the SpiNNaker platform [137], interfacing with live spike connections that both
send and receive events. The total number of spikes is used to estimate energy
consumption. This integrated approach not only validates the attractor dynamics
in a hardware-accelerated environment but also provides insight into the energy

efficiency of neural computations for multi-object tracking.
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Algorithm 2 Multi-Object Tracking with Event Accumulation and One-to-One
Data Association

1:

B 0 W W W W W W W NN NN NN NNDNDN R e e e e e e
S e B SURE L B s e B ST AR A oul i S B AR o i ouli =

Init: Setup event camera, 5 ms accumulation map accum, decaying memory map
memory, grid (32 x 24), a tracker set 7 (Kalman filters), and ZeroMQ.
for each event (z,y,p,t) do
accunm[y, x| < accum|y, z] + 1
end for
memory <— (1 — \) - memory + A - normalize(accum) > decaying integration
Generate heatmap via thresholding 4+ morphological operations
Extract detections D (connected components) — bounding boxes and centroids
Initialise assignment set A < ()
Initialise unmatched detections D,, < D and unmatched trackers 7, < 7T
for each tracker t € T do
for each detection d € D do

Clt,d] «+ \/(371: —xa)* + (% — ya)? > cost matrix
end for
: end for
. while 7, # () and D, # 0 do

(t*7 d*) —arg minte’/&, deDy C[t> d]
if C[t*,d*] < THRESHOLD then
A~ AU {(tr,d")}
To < T\ {t*} > enforce one-to-one
D, < D, \ {d*}
else
break > remaining pairs are too far

end if

: end while
: for each assigned pair (¢,d) € A do

Update tracker ¢ with detection d (Kalman update)
miss[t] < 0
: end for
: for each unassigned tracker t € 7, do
miss[t] < miss[t] + 1 > miss count is per tracker
: end for
: for each unassigned detection d € D, do

if tracker slot available then
Create new tracker for d and initialise miss < 0
end if

. end for

Remove trackers with miss[t] > MAX

: Map surviving tracker centroids to grid cells and publish via ZeroMQ
. Apply selective attention mechanism (on tracks or ROIs)
: Overlay heatmap and tracker state for visualisation
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3.6.4 Use Case: Swarm Robots Evasion

To demonstrate the real-world potential of our multi-object tracking framework, we
developed a use case centered on swarm robot evasion. In this scenario, a group of
robots navigates an environment while actively avoiding collisions. The neuron spikes
produced by the SpiNNaker platform serve as indicators of obstacles that the robots
must avoid, with these spikes spatially corresponding to the object locations detected
by the event camera. Each robot continuously monitors its adjacent cells and, upon
detecting a spike, executes an evasion maneuver by selecting the neighbouring cell
that minimizes the risk of collision. This approach enables the swarm to dynamically
adapt in real time, ensuring rapid responses to swiftly changing target positions.
Performance is assessed using metrics such as response time and collision avoidance

rate during obstacle evasion.

3.6.5 Experimental Setup

Experiments were conducted using synthetic objects rendered on an LCD display
to ensure controlled and repeatable motion patterns. The CenturyArk SilkyCam
VGA event camera was positioned directly in front of the screen to capture asyn-
chronous brightness changes generated by object movement. The captured events
were transmitted to the interface machine, where spatial coordinates were extracted
and forwarded to the SpiNNaker platform. These coordinates were mapped onto
neurons arranged in a spatial grid. In the swarm robotic evasion scenario, each
moving object was interpreted as a dynamic obstacle, and the corresponding neuronal

activation updated its position within the grid for neuromorphic decision-making.

3.6.6 Results and Discussion

We assess our multi-object tracking system using a variety of performance metrics. By
harnessing the strengths of event-based vision sensors and neuromorphic hardware,
the system exhibits notable enhancements in tracking accuracy, latency, and energy

efficiency.
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Figure 3.7: Path tracking comparison between ground truth and spiking neurons.

Path Tracking Performance

In the initial experiments, we evaluated path-tracking accuracy by comparing the
estimated object centroids produced by the neuromorphic tracking pipeline against
ground-truth trajectories obtained from manually annotated event streams. Objects
were moved across the field of view at varying speeds and directions, and tracking error
was computed as the Euclidean distance between predicted and true positions in grid
coordinates at each time step. As illustrated in Figure 3.7, the spiking neurons track
object motion with minimal error, remaining below 1.15 grid units across all tested
conditions. This performance exceeds that reported in prior event-based tracking
approaches, where errors typically grow under dynamic motion [412, 228]. These
results demonstrate that the integration of event-driven sensing with neuromorphic

processing enables robust real-time tracking.

Raster Plots Analysis

Figure 3.8 illustrates the system’s temporal behaviour during the tracking process.
In Figure 3.8(a), the initial state is depicted, where neurons fire in a random pattern.
Figure 3.8(b) displays neuronal activity during the tracking of three objects, with

neurons firing selectively in response to object detection and remaining inhibited when
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Figure 3.8: Raster plot showing the neuron activity during multi-object tracking. Panels
(a) show the initial state of neurons when no object is being tracked. (b) displays neuron
activity for 3 objects being tracked, while Panels (c) and (d) show attention-based tracking
for two and one object, respectively.

objects are absent. Figures 3.8(c) and (d) demonstrate attention-based tracking for
two and one object, respectively. This selective tracking mechanism enables dynamic
control, allowing the system to concentrate on specific objects within the field of

view and showcasing the versatility of the attention mechanism.

Performance of the Multi-Object Tracking Algorithm

Figure 3.9 demonstrates the effectiveness of the multi-object tracking algorithm
running on the SpiNNaker platform. In our experiments, three objects were simulated
to revolve around a central point at varying speeds, with an event camera capturing
the entire simulation. Row 1 of Figure 3.9 displays a series of frames from the
simulation, accompanied by the raw events generated by the objects’ movement (row
2). The event-based tracking system processes these events in real time, as evidenced
by the Tracking panel, which illustrates all objects being tracked concurrently (row
3).

In the Selective Tracking scenario (row 4 of Figure 3.9), the system demonstrates

its ability to focus on a specific object by selecting it for tracking. This feature
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Figure 3.9: Visualisation of the tracking process. The top panel shows event frames
generated by the objects, followed by the full tracking of all objects. The bottom panel
illustrates attention-based selective tracking, where only the selected object is tracked.

Selective

enables dynamic selection and deselection of targets based on their ID, ensuring that
only the relevant object is monitored at any given moment. The capacity to filter
out distractions and concentrate on a single object further enhances the system’s

flexibility and performance in real-world applications.

Energy Consumption Analysis

We evaluated the energy and power consumption of our multi-object tracking system
under scenarios with 1, 2, and 3 objects moving at the same speed. Energy usage
was estimated by counting the number of spikes generated, with each spike incurring
an energy cost of roughly 8 nJ per event, as noted by Stromatias et al. [346] for the
SpiNNaker 48-chip board. The difference in power between the idle state and active
simulation is about 3.25 W, which reflects the additional energy required during the
multi-object tracking simulation. The data presented in Table 3.7 reveal that energy
consumption increases proportionally with the number of objects tracked, due to
the higher number of neuron spikes in multi-object scenarios. The average power is

calculated by dividing the total energy by the 10-second simulation duration.
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SpiNNaker

Table 3.7: Energy and Power Consumption for Multi-Object Tracking with SpiNNaker.

Objects Energy (uJ) Avg. Power (uW)

1 16.512 1.6512
2 33.776 3.3776
3 53.936 5.3936

Performance for Swarm Robots Evasion Use Case

This use case was evaluated in a controlled experimental environment in which
multiple mobile robots were simulated within a two-dimensional arena containing
dynamic obstacles generated from real event-camera tracking data. Object positions
were extracted in real time by the event-based tracking pipeline and encoded as
spiking activity on the SpiNNaker platform, with each active neuron representing
an occupied spatial grid cell. These spike signals were transmitted to the swarm
controller, where each robot continuously monitored neighbouring cells to trigger
evasive manoeuvres when obstacles entered a predefined safety radius.

The experimental scenarios included zero to three moving obstacles with varying
trajectories and speeds, as illustrated in Figure 3.9. For each configuration, robots
were allowed to navigate for fixed-duration trials while collision events and response
delays were recorded. Performance was quantified using (i) average response time,
defined as the interval between spike generation and the onset of evasive motion,
and (ii) collision avoidance rate, defined as the proportion of time during which
robots maintained a minimum safe distance from obstacles and each other. Across
all trials, the system achieved an average response time of 28.5 + 5.2 ms and a
collision avoidance rate of 94.3%, demonstrating effective real-time adaptation driven
by neuromorphic perception.

Figure 3.10 further illustrates these results. Panel (a) shows the robots navigating
an obstacle-free environment, while panels (b), (c), and (d) display scenarios with
increasing numbers of obstacles. These images underscore the robots’ ability to
dynamically modify their paths based on real-time information. Overall, the low

response time and high collision avoidance rate confirm the robustness and practicality
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(a) No Object (b) Three Objects (c) Two Objects ~ (d) One Object

Figure 3.10: Swarm robot evasion performance in different obstacle scenarios. Panel (a)
shows no objects, while Panels (b), (¢), and (d) display evasion with three, two, and one
objects, respectively.

of the multi-object tracking system for real-time robotic control in complex, dynamic

settings.

3.7 Summary

This chapter explored the deployment of SNN models on neuromorphic hardware,
focusing on learning mechanisms, attention-based processing, and ANN-to-SNN con-
version methods. It provided a comparative analysis of different conversion strategies,
emphasizing their impact on accuracy, energy efficiency, and computational cost.
The discussion also covered the integration of SNNs with SpiNNaker hardware and
event-based vision systems, demonstrating their potential for real-time applications.
Furthermore, the chapter addressed real-world implementation challenges and offered
practical insights into optimising neuromorphic computing systems. Overall, it
showcased how advanced SNN architectures and dynamic attention mechanisms
can drive the development of energy-efficient, high-performance solutions. While
this chapter explored the deployment of spiking neural networks (SNNs) on neuro-
morphic hardware, efficient processing of event-based data is crucial for real-world
applications. Event-based vision, a key advancement in neuromorphic computing,
offers improved efficiency in dynamic environments. The next chapter examines the
processing of event data, explores various formats, and discusses its applications in

gesture recognition and industrial monitoring.
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Chapter 4

Applications of Event-Based Vision

4.1 Introduction

This chapter discusses the applications of event-based vision, focusing on its role in
interactive robotics and real-time data processing. The chapter first covers methods
for processing event-based data, addressing format diversity and standardization
challenges. It then explains real-time gesture recognition for robotic guidance and

event-camera-based rotational frequency analysis for machinery fault diagnosis.

Novelty & Impact

Novelty: Introduces an efficient data pipeline for processing event-based vision
data, along with novel applications in gesture recognition and vibration-based
machinery fault diagnosis.

Impact: Enhances real-time robotic perception capabilities, demonstrating
significant improvements over traditional vision systems in dynamic and chal-

lenging environments.

4.2 Processing Event-based Data

With time, event cameras can be found in various fields such as robotics, autonomous
vehicles, and augmented reality [136]. However, the proliferation of event-based

vision datasets presents challenges related to their diverse formats and characteristics.
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Researchers often encounter obstacles when processing and analysing these datasets
efficiently. These challenges impede the comparability and reproducibility of research
findings in different studies. To address these issues, several libraries and tools
have been developed to process event data, including AERmanager [140], aedat [10],
tonic [222], and spikingJelly [118]. Tonic and SpikingJelly are widely used tools
for processing spiking neural network data and conducting simulations within the
neuromorphic vision community. However, both tools have notable limitations when
applied to event-based vision datasets. Tonic, for instance, primarily provide support
for AEDAT format and lacks the capability to handle newer event vision sensor data
formats, such as EVT2 and EVT3, which are crucial for emerging dynamic vision
sensors such as IMX636 and EVc3a by Prophesee and CenturyArks. This restricts
its applicability when working with advanced sensors that use proprietary formats.
SpikinglJelly, while effective for spiking neural network simulations, is not optimised
for real-time event-based vision tasks. Its higher computational overhead results
in longer processing times, particularly for large-scale datasets. These limitations
underscore the need for a more versatile and efficient data processing pipeline.

In response to this gap, our research introduced a comprehensive pipeline, com-
pleted in early 2024, designed to support a wide range of event data formats, including
those from emerging sensor technologies. By providing native compatibility with
newer formats such as EVT2 and EVT3, our pipeline improves accessibility and
scalability within the event-based vision research community. Since early 2024,
complementary community efforts have emerged, including the Faery library, a Rust-
and-Python framework initiated at the Telluride Neuromorphic Workshop 2024 for

efficient event data streaming, parsing, and conversion [188].

4.2.1 Various Data Formats

Event-based vision technology employs multiple data formats to represent, store,
and process asynchronous event streams efficiently. Among them, EVT2 and EVT3
formats leverage delta encoding [354] to optimise storage and transmission, differing

in encoding methods, file structures, and software compatibility, particularly for
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Figure 4.1: Schematic Overview of Data Format Conversion and Processing Pipeline.

Prophesee’s vision sensors [305]. Similarly, the AEDAT series (AEDAT 2, 3.1, and
4) plays a crucial role in neuromorphic vision, evolving from capturing basic address-
event data in AEDAT 2 to supporting complex metadata and diverse sensor types
in AEDAT 3.1, culminating in AEDAT 4’s scalability for modern neuromorphic
systems. The Bin data format is a compact binary storage method, structuring
raw event data (coordinates, timestamps, and polarity) for efficient retrieval and
processing. In contrast, the CSV format offers a simple, human-readable structure
where each event is represented with x, y coordinates, polarity (ON/OFF), and
timestamp, enabling straightforward manipulation in spreadsheet applications or
programming environments. The HDF5 format provides hierarchical organization,
metadata support, compression, and parallel I/O, making it well-suited for handling
large event-based datasets in scientific computing and machine learning workflows.
The NPZ format (NumPy Zip) efficiently stores event data arrays, compressing
large datasets while maintaining portability and compatibility with Python-based
tools. Lastly, the AVI format, though primarily a multimedia container, is used
in event-based vision applications to store video data with synchronized playback,

typically employing lossy compression to balance quality and file size.

4.2.2 Event Data Processing Methodology

Several methodologies were employed for processing data stored in AEDAT, binary
(bin), and EVT formats. Specifically, we explain the algorithms designed to efficiently
handle and extract information from these diverse data structures. Our approach

encompasses data parsing techniques tailored to each format’s unique specifications,
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Type Y-addr X-addr Polarity ADC sample Timestamp
I'_lj r—/k._ — _Aﬁ I'_}_ ~ A - A —
63 48 32 16 0

Figure 4.2: Bit-level layout of the 64 bit AEDAT event packet, highlighting the Type
flag, Y address, X address, polarity, ADC sample, and 16 bit timestamp fields.

ensuring accurate extraction and conversion into standardised event formats for
downstream analysis and interpretation.

Figure 4.1 outlines a streamlined data processing pipeline. It begins with an
input file, which is then passed through a format identification stage where the input
data format is determined. Following this, there’s a decision point where the desired
data format (like AEDAT, Bin, EVT, etc.) is selected. After the format is provided,
the data undergoes processing, resulting in an output file with a specified format (X,

Y, P, T) indicative of the data’s spatial (X, Y) and temporal (P, T) attributes.

Algorithm 3 Load AEDAT v3 File

procedure LOAD__AEDAT_ v3(file_name)
!,/ ! !

1:

2 Initialize txyp < {'t' : [/« |,y : [J 0" : [|}

3 Open file_name and skip ASCII header

4: while reading data from file do

5: Read and unpack event header

6 if event type is Polarity event then

7 while reading event data do

8 Unpack event data into x,y,t,p

9: Append z,y,t, p to respective lists in txyp
10: end while

11: end if
12: end while
13: Convert lists in txyp to numpy arrays

14: return {xyp
15: end procedure

The AEDAT data format follows a structured 64-bit layout that encodes tem-
poral details, spatial coordinates, and type identifiers for each event. The first bit
differentiates between DVS and APS event types, followed by 15 bits allocated to the
y-coordinate and another 15 bits to the x-coordinate. A 16-bit field serves multiple

functions, either storing the ADC sample for APS events or specifying the read
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type for DVS events, such as reset, signal, or IMU reads. The format concludes
with a 16-bit timestamp field. Algorithm 3 is designed to process data from an
AEDAT v3 file, which contains event streams generated by neuromorphic sensors.
It begins by initializing a dictionary named txyp, with keys corresponding to time
(t), x-coordinate (x), y-coordinate (y), and polarity (p). After opening the file and
skipping the ASCII header, the algorithm iterates through the dataset. For each
event, it unpacks the event header and verifies whether it is a polarity event. If so, it
proceeds to extract the relevant data x-coordinate, y-coordinate, timestamp, and
polarity before appending them to the respective lists within the txyp dictionary.
Once the file has been fully processed, these lists are converted into NumPy arrays,
which are then returned. Figure 4.2 illustrates the bit-level layout of the 64-bit
AEDAT event packet.

Algorithm 4 Process Binary File

1. procedure LOAD__ATIS BIN(file__name)
2: Input: Path of the ATIS binary file file_name
3: Output: A dictionary with keys {'#,/ 2’/ v/, p'} and values as numpy arrays
4: > Each event in the binary file consists of X address, Y address, Polarity, and
Timestamp
Open file name in binary mode
Read raw data from the binary file
Extract X address, Y address, Polarity, and Timestamp from the raw data
return {'t' : t/2' :x/y 1y P : p}
end procedure

Algorithm 4 is designed to handle ATIS (Asynchronous Time-based Image Sensor)
binary files, which are commonly used in neuromorphic event-based cameras. It
takes an ATIS binary file path as input and outputs a dictionary where the keys
represent timestamps (t), x-coordinates (x), y-coordinates (y), and polarities (p).
Each event in the binary file contains data related to X address, Y address, Polarity,
and Timestamp. The algorithm begins by opening the specified file in binary mode
and reading the raw data. It then extracts the relevant components X address,
Y address, Polarity, and Timestamp from the raw data stream. After extracting
these values, the algorithm structures them into a dictionary, ensuring that each

key corresponds to its respective NumPy array containing the processed data. This
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process allows for efficient parsing of ATIS binary files, facilitating further analysis

and event-based camera data processing.

Algorithm 5 EVT3.0 Data Processing

1: Initialize input and output files for CD events

2: if trigger output file provided then

3: Initialize output file for trigger events

4: end if

5. Skip input file header if present

6: while input file has data do

7: Read a batch of data from input file into buffer
8: Initialize state variables for decoding

9: for each raw event in the buffer do

10: Determine the type of the raw event

11: Process the raw event based on its type

12: if address X event then

13: Extract x, y, polarity, and timestamp

14: Convert event to XYPT format

15: else if vector event (12 or 8 bits) then

16: Determine validity of events in the vector
17: Extract x, y, polarity, and timestamp information
18: Convert valid events to XYPT format

19: end if

20: end for

21: Write processed CD events to CD output file

22: if trigger output file provided then

23: Write processed trigger events to trigger output file

24: end if
25: end while

The EVT3 format represents timestamp information using a 24-bit structure,
where the ‘Time High’ and ‘Time Low’ fields, each consisting of 12 bits, are combined
to reconstruct the full 24-bit timestamp. This structure provides precise temporal
resolution, which is essential in event-based vision systems where accurate timing is
crucial for interpreting dynamic visual information. Algorithm 5 describes the process
for handling EVT3.0 data, focusing on efficient parsing and conversion of raw EVT3
events into a standardised CD event format. Additionally, the algorithm supports
the optional processing of trigger events, offering a flexible approach for applications
that require both types of event data. The process begins with initializing input and

output files for CD events, while a separate output file is created if trigger events
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need to be processed. Any headers in the input file are skipped to directly access
the event data.

The EVT3.0 data is processed in batches to optimise memory usage, particularly
when dealing with large datasets. Each batch is loaded into a buffer, where individual
raw events are decoded to determine their type. The algorithm differentiates between
Address X events spatial events containing x, y coordinates, polarity, and timestamp
and vector events, which encode multiple events using either 12-bit or 8-bit structures.
For Address X events, the x and y coordinates, polarity (indicating intensity changes
in light), and timestamp (constructed from ‘Time High’ and ‘Time Low’) are extracted
and formatted into the XYPT structure to ensure compatibility with standard event
data analysis tools. Vector events are handled by verifying the validity of each event
before extracting the relevant x, y, polarity, and timestamp details. This step ensures
that only meaningful events are processed, reducing unnecessary noise and improving
the overall accuracy of data interpretation. Once all events in a batch have been
processed, the resulting CD events are stored in the output file. If trigger events
are included, they are written separately to maintain clarity between different event
types. The use of batch processing, along with efficient parsing techniques, allows
the algorithm to manage large-scale datasets effectively while maintaining processing

speed and accuracy.

Table 4.1: Comparison with existing solutions

Npz Aedat 2 Aedat 3.1 Aedat4 Bin Csv EVT 2 EVT 3

Aermanager V' X v v v X X X
Aedat X X X v X X X X
Tonic v v v v v v X X

SpikingJelly v v v X v v b X

This Work v v v X v v v v

One of the main strengths of the proposed pipeline is its ability to support
multiple event-data formats, including newer formats like EVT2 and EVT3, which
are not widely compatible with existing frameworks such as Tonic and AERmanager.
While Tonic is primarily tailored for spiking neural networks, the proposed pipeline

is designed to efficiently handle both event-based vision data and conventional neuro-
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Table 4.2: Data handling capabilities of proposed pipeline

Aedat2 Aedat3.1 Bin Npz Csv EVT2 EVT3

Aedat 2 - X v v v v v
Aedat 3.1 X - v v v v v
Bin v v - v v v v
Npz v v - v v
Csv v v v v - v v
EVT 2 v v < o v - x
EVT 3 v v v v v x -
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Figure 4.3: The figure shows the execution time and estimated power consumption for
processing DVS data across various libraries/frameworks. Each framework’s performance
is benchmarked using consistent parameters on identical hardware and system conditions
to ensure a fair comparison. The results show that the proposed pipeline outperforms the
existing libraries/frameworks on several occasions.
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morphic datasets, making it applicable to a broader range of use cases. Additionally,
the pipeline incorporates a more efficient encoding and decoding algorithm for EVT
data, enabling faster execution times compared to AERmanager. Table 4.1 presents
a comparison between the proposed pipeline and existing libraries/frameworks, high-
lighting that none of the existing solutions currently support EVT2 or EVT3 data
formats. Table 4.2 shows the data-handling capabilities of our proposed pipeline.
Experiments were conducted using a standardised benchmarking setup to assess
execution time and power consumption. The tests were performed on a system
featuring an Intel i7-9700K CPU, 16GB RAM, and an Nvidia RTX 2080 GPU. The
software environment included Python 3.8, along with data processing libraries such
as NumPy and Tonic. Power consumption was measured using Intel Power Gadget,
while execution times were recorded with Python’s built-in time module. For each
dataset format, identical samples were processed and results were compared with
those obtained from AERmanager and SpikingJelly. Each test was repeated three
times, with the average value recorded to ensure reliability. Figure 4.3 illustrates
the execution time and power consumption comparison across different frameworks,
including AERmanager [298], Tonic [222], SpikinglJelly [118], and the proposed
pipeline, for three data formats: AEDAT 2, AEDAT 3.1, and Bin. In AEDAT 2
processing, the proposed pipeline demonstrates the shortest execution time and
lowest power consumption. For AEDAT 3.1, it also achieves the fastest execution
time, though the power efficiency advantage is less significant. In the Bin format, the
proposed pipeline performs competitively in terms of execution time while ranking

second in power efficiency.

4.2.3 Selected Open-Source Datasets

We employed the proposed data processing pipeline to convert several publicly
available, open-source datasets into multiple formats. The datasets selected for this
process are summarized in Table 4.3, which presents a comparison based on data
format, size, and licensing. The pipeline was applied uniformly across these datasets,

resulting in converted versions consistent with the formats described in the preceding
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Table 4.3: Selected event-based datasets that were converted into multiple formats using
the proposed data processing pipeline.

Index Dataset Recognition Format # Samples Size License Ref
Type
1 NMNIST Digit Binary 70,000 1.2GB CC4.0 [286]
2 N-Caltech101 Object Binary 9,146 4.0GB CC4.0 [194]
3 Bullyingl0k Action Binary 10,000 47.5 GB CC 4.0 [99]
4 MNIST-DVS Digit AEDAT 60,000 3.72GB CC 4.0 [332]
5 CIFAR10-DVS Image AEDAT 10,000 84 GB CC4.0 [224]
6 DVS128Gesture Gesture AEDAT 1,342 29 GB Open- [119]
source

section. As all datasets are distributed under the CC BY 4.0 license, the transformed
versions may be publicly released to facilitate and support future research efforts.
The N-MNIST dataset consists of 60,000 training and 10,000 testing samples,
capturing event-based representations of handwritten digits at the pixel level. Each
sample is provided in a binary format, encoding timestamps and pixel locations,
making it widely used in neuromorphic vision research [286]. The N-Caltech101
dataset is an event-based adaptation of Caltech101, containing images from 40 object
categories. It is commonly used to evaluate event-based object recognition models,
with each sample encoding a visual scene in binary format [194]. The Bullying1 0K
dataset is a neuromorphic dataset designed for privacy-preserving bullying detection.
It contains over 10,000 labelled instances, providing valuable ground truth for
algorithmic development while emphasizing privacy concerns [99]. The MNIST-DVS
dataset extends the MNIST dataset for event-based vision, capturing handwritten
digits with Dynamic Vision Sensor (DVS) cameras. Unlike N-MNIST, which moves
the camera while keeping the digit stationary, MNIST-DVS moves the digit on-
screen while keeping the camera fixed. This difference in capture methodology
influences event dynamics and dataset applicability in neuromorphic research [331].
The CIFAR10-DVS dataset is an event-based adaptation of CIFAR10, where static
RGB images are converted into event representations that capture pixel changes
over time. This dataset enables the evaluation of event-based image classification

algorithms and is widely used in neuromorphic computing research [224]. Finally, the
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DVS128 Gesture dataset, captured using an IBM DVS128 event camera, consists of
gesture sequences performed by different individuals. Stored in AEDAT 3.1 format,
the dataset encodes x and y coordinates, timestamps, and polarity, supporting event-
based gesture recognition tasks [119]. More details on the event data processing
pipeline can be found on [10].

In the following two sections (Section 4.3 and Section 4.4), the proposed event
data processing techniques are applied to distinct real-world applications. The first
application involves real-time gesture recognition aimed at enhancing human-robot
interaction, while the second focuses on real-time machinery fault diagnosis using

event-based camera data.

4.3 Event Camera-Based Real-Time Gesture Recog-
nition for Improved Robotic Guidance

Gesture recognition offers a natural and intuitive means for humans to interact with
robots, holding both theoretical significance and practical applications in Human-
Robot Interaction (HRI). As gesture recognition technology progresses, its role in
HRI continues to expand. However, collecting gesture data using conventional RGB
cameras, which typically operate at 30-60 frames per second (fps), presents challenges,
particularly in capturing fast gestures. Motion blur often degrades recognition
accuracy [362], making reliable gesture detection difficult. A common approach
to mitigate motion blur is increasing the frame rate of standard cameras, but this
generates excessive static and redundant information across continuous frames while
also capturing unnecessary background details. Additionally, frame-based cameras
struggle in extreme lighting conditions, such as overly bright or dark environments,
which are common in HRI scenarios where robots must recognize human gestures
for effective interaction. To address these limitations, event cameras provide a
more efficient and adaptable solution. The event cameras offer a microsecond time
resolution, ensuring the smooth capture of gesture motion without being constrained

by exposure time or frame rate [344]. Additionally, they perform well in both well-lit
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Figure 4.4: Block diagram of the proposed system. Starting with data collection to
real-time gesture recognition with an event camera mounted on a robot.

and dimly-lit environments due to their high dynamic range capabilities (see section
1.2 for more information regarding event cameras). Since their introduction, event
cameras have found applications in various scenarios within the fields of computer
vision and robotics [148][189]. This work primarily explores a real-time gesture
recognition method based on event camera technology.

In this study, we developed a real-time hand gesture recognition system. The
process began with collecting dynamic gesture data using the CenturyArk SilkyCam
VGA event camera. The raw event data, captured in EVT3.0 format, consisted of
asynchronous streams containing pixel coordinates, timestamps, and polarity values.
To prepare this data for model training, we first converted the continuous event
stream into event frames by aggregating events over fixed temporal windows (10 ms).
Each window was transformed into a two-dimensional frame representing positive
and negative events as separate channels. Following this, we carefully annotated
the gesture instances by manually identifying their start and end points, ensuring
precise ground-truth labels. The labelled sequences were then converted into the
HDF5 format to facilitate efficient storage and batch processing during training. We
subsequently trained and fine-tuned a classification model using a ConvRNN-based
architecture [46][305], which is well-suited for spatiotemporal data. Finally, we
integrated the event camera with a humanoid robot to perform real-time experiments.
The event camera demonstrated robust performance under diverse lighting conditions,
highlighting its effectiveness compared to standard RGB cameras, which often suffer
from motion blur or low-light failures. Figure 4.3 presents the block diagram of the
proposed system.

While extensive research has explored RGB and RGB-D-based gesture recognition
[301], Convolutional Neural Networks (CNNs) have emerged as a dominant approach

due to their ability to extract hierarchical features and capture complex hand
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Figure 4.5: CenturyArk SilkyCam VGA event camera alongside a simplified pixel circuit
that converts incident light into current, performs delta conversion, and uses a comparator
to generate positive and negative polarity events.

gesture patterns [40][203][338]. Deep learning advancements have enabled high-
accuracy gesture recognition in applications like sign language interpretation, human-
computer interaction, and virtual reality [279]. Event-based approaches have also
been explored, notably in a 2017 study by Amir et al. [21], where a TrueNorth
neurosynaptic processor was used to process Dynamic Vision Sensor (DVS) data
for energy-efficient, real-time gesture recognition. However, limitations persist in
robotics applications, particularly due to the lack of high-resolution hand gesture
datasets and the restricted availability of neuromorphic processors like SpiNNaker
[254], Loihi [373], and TrueNorth [15]. Additionally, no existing system has utilised
an event camera for real-time robot control, highlighting a significant research gap.

To address these challenges, a high-resolution (640x480) hand gesture dataset
is introduced and we leverage it to train a ConvRNN model, achieving strong
recognition performance. By integrating an event camera into a robotic platform, we
enable real-time gesture recognition for precise robot control. The SilkyCam VGA
event camera, developed by CenturyArk, was used for data acquisition, supported by
Prophesee’s Metavision software stack [63]. Figure 4.5 illustrates the event camera
and its circuit diagram, where light-induced voltage changes trigger event generation
upon exceeding a defined threshold. This approach advances the field by providing
a commercially viable, high-resolution event-based gesture recognition system for
robotic applications.

As explained in section 4.2, the standard notation used to represent an event is:

€ = [X’ y7 t? p]
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Here, event e signifies that the pixel situated at coordinates [x, y] within the
pixel array of the event camera emitted an event in response to an illumination
change at time t. The polarity attribute is encoded as p=[0, 1], with p=1 denoting
an ON event and p=0 representing an OFF event. It is noteworthy that these events
are transmitted at a temporal resolution of 1 ps [300], and the data rate of events
depends on the rate of illumination changes occurring in the scene. This event

camera saves data in EVT2.0/3.0 format.

4.3.1 EB-HandGesture Dataset

Currently, most event-based gesture datasets are either derived from standard camera
datasets or created with low-resolution event cameras. Datasets such as N-MNIST,
N-Caltech101 [286], CIFAR10-DVS [224], MNIST-DVS [331], and N-ImageNet [201]
are generated by capturing event streams while moving an event camera around
monitors displaying images from well-known datasets like MNIST [121], Caltech101
[194], and ImageNet [92]. Yihan Lin et al. [235] introduced ES-ImageNet, an event-
stream version of ImageNet, by applying the Omnidirectional Discrete Gradient
(ODG) algorithm to convert the original dataset. A range of event-based datasets are
publicly available, as outlined in recent surveys [136]. This study focuses on datasets
relevant to recognition tasks. While datasets such as HARDVS [387], Daily Action
[239], and Bullying10k [99] capture human actions, others like IBM-DVS128 Gesture
[21], ASL-DVS [44], and Nav-DVS [252] are specifically designed for hand gesture
recognition. Common event cameras used for dataset collection include DAVIS128
(128x128), DAVIS240 (240x180), DAVIS346 (346x260) [270], and ATIS (302x245)
[76]. The resolution of these cameras plays a crucial role in dataset quality, as higher-
resolution sensors provide greater detail, improving object tracking, motion analysis,
and scene reconstruction. Even with short accumulation times, high-resolution event
cameras capture sufficient information for gesture recognition.

With ongoing advancements, newer high-resolution event cameras are now avail-
able [300], posing challenges for researchers relying on older, low-resolution datasets.

For example, CenturyArk’s SilkyCam VGA, a modern event camera with a resolution
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Table 4.4: Comparison of Datasets

Dataset Year | Type Data Sensor Res.o—. Samp.| Ref.
lution | gec. /
Inst.

CIFAR10-DVS |2017 | Reproduced | Images DAVIS128 | 128x128 [1.2s |10k [224]

MNIST-DVS 2013 | Reproduced | Digit Images | DAVIS128|128x128 | 2-3s |30k [331]

N-MNIST 2015 |Reproduced | Digit Images | ATIS 28x28 |0.3s |70k [286]

N- 2015 | Reproduced | Images ATIS 302x245 [0.3s |8.7k |[286]

CALTECHI101

ES-ImageNet 2021 | Converted |Images - 224x224 |- 1.3M | [235]

N-ImageNet 2021 | Reproduced | Images Samsung | 480x640 |- 1.7M | [201]

Gen3

HARDVS 2022 | Event- Action DAVIS346 | 346x260 | 5s 100k | [387]
Based

Daily Action 2021 | Event- Action DAVIS346 | 346x260 | 5s 1.4k |[239]
Based

Bullying 10K 2023 |Event- Action DAVIS346 | 346x260 |2-20s | 10k [99]
Based

ASL-DVS 2019 | Event- Hand Action |DAVIS240 |240x180 [0.1s [100k |[44]
Based

Nav-DVS 2020 | Event- Hand Action |ATIS 302x245 |- 1.3k | [252]
Based

DVS128 Gesture | 2017 | Event- Hand Action |DAVIS128|128x128 |6s 1.3k |[21]
Based

EB- 2024 | Event- Hand Action |SilkyCam |640x480 |0.5s |9k This

HandGesture Based Gen3 work

of 640x480, only supports input resolutions divisible by this format (e.g., 320x240,
160x120). However, one of the widely used event-based hand gesture datasets, IBM-
DVS128 Gesture, was recorded with the iniVation DVS128 camera at a resolution
of 128x128. This resolution disparity means that even a well-trained model on
IBM-DVS128 Gesture would be incompatible with SilkyCam VGA for real-time
inference, highlighting the need for updated, high-resolution datasets to match the
capabilities of modern event cameras.

We present the EB-HandGesture dataset, the first high-resolution hand gesture
dataset captured using the CenturyArk SilkyCam Gen3.0 (640x480). This camera is
equipped with a Prophesee event-based vision sensor, offering a temporal resolution
of 1us. Data collection was conducted using the Prophesee Metavision SDK and
OpenEB framework [305]. The dataset includes ground-truth annotations, providing

gesture labels along with their corresponding start and stop times, which were
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RGB Images

XYT Plot

Event Data

Figure 4.6: The system discussed in this chapter processes data displayed in the final
row, illustrating frame-based and event-based camera outputs. The top section shows
RGB images of a hand gesture (wave), the middle section depicts positive (blue) and
negative (black) DVS events over time, and the bottom section presents the DVS event
data corresponding to the executed gesture.
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Figure 4.7: (top) event stream sequencing. (bottom) illustration of performed gestures
and the number of events captured during time.

recorded using a dedicated labeling system designed for event data. The EB-
HandGesture dataset consists of 9000 gesture instances across six different hand
gestures, contributed by five participants. Each gesture hand waves, pointing, rock,
scissors, claps, and arm roll was performed at three different speeds (slow, normal,
fast) and under two lighting conditions (normal and low). Each instance lasts 0.5
seconds, resulting in 1500 instances per gesture (see appendix C.1 for dataset sample).
Table 4.4 provides a summary of the dataset alongside other event-based recognition
datasets. Figure 4.6 illustrates a comparison between standard RGB images and
event data, along with the XY'T plot of a performed gesture. Figure 4.7 presents the
sequencing of the event stream (top) and the corresponding data rate (bottom) for

the recorded gestures.

4.3.2 Model Training

We trained the Convolutional Recurrent Neural Network (ConvRNN) Classifier, which
serves as the backbone of our hand gesture recognition system [285]. We provide

insights into the dataset preparation, model architecture, and training methodology.

Data Preparation

The dataset was divided into training (70%), validation (20%), and testing (10%)

subsets. Given its distinct characteristics, the EB-HandGesture dataset serves as
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a valuable resource for evaluating neuromorphic classification models, particularly
in hand gesture recognition for robotic control applications. For data preprocessing
and model training, we utilised the Prophesee OpenEB open-source framework [285],
which is seamlessly integrated with the Metavision SDK. Data was captured using
the SilkyCam Gen3.0 event camera in EVT3.0 format. Further details regarding this
format are available in the Prophesee documentation [305]. The collected data was
subsequently converted into AVI video format for annotation and into HDF5 format
to prepare it for training.

Table 4.5: ConvRNN Classifier Architecture (Input: 1 x 128 x 128). All Conv2D layers
use 3 x 3 kernels with padding 1 unless stated otherwise.

Layer Type Ch. Output | Operation

Input Tensor 1-1 128 x 128 | Event frame

Conv2D + ReLU 1-16 128 x 128 | Feature extraction
Conv2D + ReLU | 16-32 64 x 64 | Down-sampling

Conv2D + ReLU | 32-32 64 x 64 | Refinement

Conv2D + ReLU | 32-64 32 x 32 | Channel expansion
Conv2D + ReLU | 64-64 32 x 32 | Encoding

ConvRNN 64-128 16 x 16 | Spatio-temporal modelling
ConvRNN 128-256 8 x 8 Deep temporal abstraction
Conv2D (1x1) 2566 8 x 8 Logits projection

Global Avg Pool 66 1x1 Spatial aggregation
Softmax 6-6 1x1 Probability normalisation

Model Architecture and Training

The proposed ConvRNN classifier is designed to process sequential data and has
shown strong performance in our experiments. The architecture details are presented
in Table 4.5. The ConvRNN classifier consists of three key components. First, the
input data, which consists of a single-channel event stream, is processed through a
series of convolutional layers. The number of these layers is determined by the input
size, ensuring effective feature extraction. Next, the extracted features are passed
through two ConvRNN layers, which incorporate recurrent connections to capture
temporal dependencies within the data. Finally, the classification head consists of
additional convolutional layers followed by Rectified Linear Unit (ReLLU) activation

functions, producing class probabilities as the model’s output. Each event stream
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is stored as an HDF'5 file, with an accompanying .npy file containing ground truth
labels. During training, we used a batch size of 32, set an initial learning rate of
0.0001, and optimised the model using the Adam optimiser. The implementation
was carried out in Python 3.8, utilizing the computational capabilities of an RTX

2080 GPU.

Evaluation Matrics

To assess the performance of our ConvRNN classifier, we conducted comparative ex-
periments using alternative architectures, including MobileNetV2 [98] and SqueezeNet
[177]. Additionally, we applied the SpikeBased-BP algorithm to train a classifier on
our dataset. These comparisons provide insight into the effectiveness of our proposed
model relative to existing architectures. Model performance was primarily evaluated
based on classification accuracy, which measures how well the predicted labels match
the ground truth. However, relying solely on accuracy may not fully capture the
model’s ability to distinguish between different classes. To address this, we also
employed the Precision-Recall (PR) curve [395], which provides a more comprehen-
sive analysis of the model’s predictive performance under varying conditions. This
approach ensures a more nuanced evaluation of classification effectiveness beyond

standard accuracy metrics.

4.3.3 Results and Discussion

Figure 4.8(a) (Left) illustrates the training and validation accuracy across epochs,
with accuracy plotted on the y-axis and epochs on the x-axis. The reported curves
represent the mean performance over multiple independent training runs with different
random initialisations. Both accuracies follow a consistent upward trend, reaching an
average of 96.9% for training and 96.2% for validation. The right side of the figure
shows the mean per-class accuracy across epochs, where all gesture classes surpass
93% accuracy by epoch 50, indicating stable and consistent learning across categories.
Figure 4.8(b) presents the confusion matrix and error matrix, computed from the

averaged evaluation results, providing deeper insight into classification performance.
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Most misclassifications occur between visually similar gestures, particularly those
involving fine finger motions. Figure 4.8(c) displays the Precision—Recall (PR)
curves for each gesture class based on the aggregated predictions. The wave, clap,
and scissor classes exhibit high precision and recall, with only a minor decline in
precision at higher recall values, indicating minimal false positives and robust class
separability. In contrast, performance variability is most pronounced for the Scissors
class, which exhibits a clearer precision decline as recall increases. The Rock and Point
classes demonstrate comparable behaviour, suggesting that classification difficulty
is not isolated to a single static gesture. The reduced precision at higher recall
levels likely arises from overlapping spatio-temporal event patterns among gestures,
particularly where finger configurations produce similar edge dynamics in the event-
based representation. These overlaps result in more frequent misclassifications and
highlight the need for further refinement in feature extraction or data augmentation
specific to the rock gesture. Notably, the clap class demonstrates perfect precision
across all recall levels. This consistent performance may be attributed to the highly
distinct motion and temporal profile of the clapping gesture, rapid bilateral movement
towards the centre of the frame, making it less likely to be confused with other
gestures. However, the presence of such a clear margin also raises concerns about
potential dataset imbalance or overfitting. Figure 4.8(d) presents the Receiver
Operating Characteristic (ROC) curves, plotting the True Positive Rate (TPR)
against the False Positive Rate (FPR) across different threshold settings. The Area
Under the Curve (AUC) is 1.00 for all models, indicating perfect classification with
no overlap between positive and negative distributions.

Table 4.6 presents a comparison of our EB-HandGesture dataset with existing
event-based action and gesture datasets, along with their respective state-of-the-
art model performances. Overall, our dataset achieved higher testing accuracy
compared to other datasets and their models. Given that DVS128Gesture is the
closest dataset to EB-HandGesture, we trained it using our proposed ConvRNN
model for a direct comparison. Additionally, we used the SpikeBased-BP algorithm
to train the EB-HandGesture dataset as part of the evaluation. For the ConvRNN

classifier, the DVS128Gesture dataset achieved a maximum accuracy of 87.42%,
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Figure 4.8: (a) left: training and validation accuracy (y-axis) for each epoch (x-axis).
right: Validation accuracy of each class. (b) Confusion and Error Matrix. (c) Precision
(y-axis), Recall (x-axis) curve. (d) Receiver Operating Characteristic (ROC) Curves for
Gesture Recognition Model.

whereas the EB-HandGesture dataset attained 95.58%, demonstrating a significant
improvement. Using the SpikeBased-BP algorithm, accuracy for DVS128Gesture
was 95.5%, while for EB-HandGesture, it was 85.6%. We also compared our model
with MobileNet (70.44%) and SqueezeNet (75.65%), highlighting the advantages of
our approach. To further benchmark our dataset, we created a custom RGB-based
gesture dataset and trained it using an LSTM model. While LSTM achieved a high
accuracy, its real-world performance was limited due to the inherent constraints
of RGB cameras, particularly in low-light conditions. Figure 4.9(a) illustrates the
superior low-light performance of event cameras, where standard cameras fail to
detect any activity. The robustness of our model in such environments enhances
human-robot interactions, surpassing current state-of-the-art models in recognizing

gestures under challenging conditions.
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Table 4.6: Comparison of Various Models and Datasets

Ref. Dataset Algo./Model Accuracy(%)
[45] G-CNN 87.5
[45] ASL-DVS RG-CNN 90.1
[267] MobileNet 86.7
[388] ESTF 57.53
[165] HAR-DVS ResNet18 56.09
[241] ResNet50 57.99
[240] Daily Action Motion SNN 90.3
[238] HMAX-SNN 76.9
[123] ResNet50 74.01
[370] Bullying10k ResNet18 72.5
[122] X3D 65.6
[334] Deep-SNN 93.6
[399] DVS128Gesture ConvRNN-SNN 90.28
(193] SpikeBased-BP 93.5
This Work ConvRNN 87.42
This Work MobileNet 70.44
This Work EB-HandGesture SqueezeNet 75.65
This Work ConvRNN 95.77
This Work SpikeBased-BP 85.6
This Work Custom RGB Dataset LSTM 98.9

Robot Control

To showcase the practical application of our gesture recognition model, we imple-
mented intuitive robot control using the ARI humanoid robot and an event camera.
The event camera was mounted on the ARI robot, allowing seamless integration of
the gesture classifier with the robot’s control system. This setup enabled real-time
interaction, where the robot’s movements were controlled based on predicted hand
gestures. The experimental process involved initializing the robot, activating the
event camera, and starting the classification pipeline. For real-time classification, the
event stream was segmented into 1-second intervals, with each recognized gesture
mapped to a specific robot movement. The model and inference pipeline are flexible
and can be adapted to associate gestures with different actions based on application
requirements. Figure 4.8(b) illustrates the ARI robot recognizing hand gestures.
For example, when detecting a wave gesture, ARI responds by waving; for point, it

indicates a direction; for rock, it presents a paper response. The clap and arm roll
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@

(b)

Figure 4.9: (a) Testing our model in low light conditions where the standard camera
was not able to detect. (b) real-time experiments with an event camera and ARI robot
for different hand gestures. (c) data collection setup. The arrow is pointing toward the
mounted event camera.

gestures are mirrored as closely as possible by the robot. Figure 4.8(c) provides an
overview of the data collection setup, demonstrating the integration of event-based

gesture recognition in robotic applications.

4.3.4 Potential Applications

The integration of hand gesture recognition with an event camera for robot control
holds significant potential across various domains, particularly in healthcare and
collaborative work environments. In healthcare, especially in elder care, this system
enables elderly individuals to control robots using simple hand gestures. This func-
tionality is particularly beneficial for those with limited mobility or communication
abilities, as the event camera effectively captures gestures without the motion blur
issues commonly associated with standard cameras. This ensures precise and reliable
operation, which is crucial in healthcare settings where both speed and accuracy are

essential. In collaborative workspaces, such as warehouses, this technology enhances
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human-robot interaction by allowing workers to direct robots through gesture-based
commands. This is especially advantageous in noisy environments or situations where
verbal communication is impractical. The event-based approach ensures consistent
performance across different lighting conditions, improving operational efficiency
and fostering seamless collaboration between humans and robots. Overall, this
gesture-controlled robotic system powered by event cameras represents a meaningful
advancement in intuitive human-robot interaction, offering improved reliability and
efficiency under controlled conditions where the robot remains stationary during
gesture recognition.

In conclusion, this study represents a notable advancement in event-based vision
and human-robot interaction, leveraging high-resolution event cameras for hand
gesture recognition. The consistent improvements in accuracy, culminating in a
testing accuracy of 95.77%, demonstrate the strong performance of our ConvRNN
model. To validate its real-world applicability, we seamlessly integrated the model
with an ARI robot, enabling precise and intuitive robot control through hand gestures.
The successful deployment of our system under diverse environmental conditions
demonstrates its robustness, adaptability, and potential to advance collaborative
human-robot interaction. To further illustrate the real-world applicability of event-
based cameras, the subsequent application focuses on their use in real-time machinery

fault diagnosis.

4.4 Event-Based Rotational Motion Analysis for
Real-Time Machinery Condition Monitoring

In industrial operations, maintaining machinery reliability is essential not only for
ensuring productivity but also for workplace safety [265]. Mechanical failures can
lead to substantial disruptions, ranging from downtime and financial losses to severe
incidents such as fires or explosions [256]. To mitigate these risks, companies allocate
significant resources to maintenance programs aimed at keeping equipment in optimal

condition. With advancements in technology, the approach to machinery maintenance
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has evolved, with predictive maintenance becoming increasingly prevalent. This
method allows failures to be anticipated before they occur, minimizing downtime
and preventing costly repairs. Among various predictive maintenance techniques,
vibration analysis is widely used [350]. By monitoring the vibration patterns of
machinery, abnormalities can be detected early, indicating potential faults.
Traditional vibration monitoring relies on direct-contact sensors such as accelerom-
eters [18]. However, these sensors must be physically attached to the equipment,
which is not always feasible, and may also interfere with machine performance [68].
Alternative technologies like laser vibrometers [313] and eddy current sensors [105]
present their own challenges, including high costs, material constraints, and limited
installation flexibility [96]. More recently, frame-based cameras have been introduced
for contactless vibration measurement, but these systems struggle with large data
volumes, varying light conditions, and background interference, making real-time
processing computationally demanding [310, 116, 324]. Recent advancements have
sought to bridge the gap between frame-based techniques and event-based vision,
leveraging the asynchronous, high-temporal resolution capabilities of event cameras
[214, 280, 418, 378]. Researchers have explored various approaches, from event-based
tracking [214, 280] and feature detection [378, 268] to optical flow estimation using
learning-based methods [420, 405, 36]. Motion compensation frameworks and lumi-
nance gradient-based techniques have also been proposed to enhance event alignment
[56, 264]. Additionally, an event-based KLT tracker has been developed for the
asynchronous tracking of frame features using intensity measurements [141, 142].
More recently, Woong-jae et al. introduced an event filter-based phase correlation
template matching (EF-PCTM) method for detecting micro-vibrations with event
cameras [184]. Although promising, this system is computationally intensive and
does not explicitly quantify vibration measurement accuracy. In parallel, Bane
et al. demonstrated the feasibility of qualitative vibration frequency analysis and
motion magnification using event cameras, highlighting both the potential of high-
temporal-resolution sensing and the practical challenges associated with subtle motion
reconstruction [30]. Similarly, Lv et al. proposed event-based vibration frequency

detection methods based on marker tracking and event counting, achieving high-
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Figure 4.10: Block diagram of the proposed (EBFM) vibration monitoring system. It
starts with event stream input from event camera then through event processing and
frequency mapping, leading to the selection of dominant frequencies within multiple regions
of interest (ROIs)

precision frequency estimation across a wide range of structural vibration scenarios
[244].

Despite these advancements, most existing studies focus on edge tracking rather
than precise vibration analysis, limiting their applicability to multi-machine industrial
environments. To address this gap, we propose the Event-Based Frequency Mapping
(EBFM) system, which introduces a novel approach to real-time vibration monitoring
using event-based cameras. The EBFM system processes event streams to generate
dynamic frequency maps, enabling the detection and monitoring of subtle vibrational
anomalies. By computing dominant frequencies within user-defined regions of interest
(ROIs), the system allows for targeted analysis of machine vibrations. A key feature
of EBFM is its graphical user interface (GUI), which provides real-time visualisation
of frequency mappings, allowing users to assess and interpret machine vibrations.
Figure 4.10 presents the block diagram of the proposed EBFM vibration monitoring
system, illustrating its capability to enhance the precision and efficiency of industrial

fault diagnosis through event-based frequency mapping.

4.4.1 Event-Based Frequency Mapping (EBFM)

The first step in EBFM involves capturing an event stream from an event-based
camera, where each event corresponds to a change in pixel intensity at a specific
location and time. At the core of the algorithm is Frequency Mapping, which
generates a spatial frequency representation from the timestamped event data. In
this map, each pixel encodes the dominant frequency component of the events
occurring at that spatial location. Specifically, the value at each pixel corresponds

to the Fourier coefficient of the frequency with the highest magnitude, effectively the
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dominant frequency, derived from a transform tailored to the sparse and asynchronous
characteristics of event data. This adaptation of the Fourier Transform allows the
system to highlight regions exhibiting periodic motion or vibration, crucial for

analysing dynamic mechanical behaviour in real time:

F(z,y,w) = /E(x,y,t) ce Mt dt (4.1)

where F(x,y,w) denotes the frequency component at a given spatial position
(x,y) and angular frequency w. The term E(x,y,t) represents the signal intensity
at time ¢, derived from the event data. For each defined Region of Interest (ROI),
the algorithm calculates the dominant frequency, which is the frequency that most
significantly characterizes the vibration within that region. This is done by identifying

the frequency with the highest amplitude on the frequency map:

fdominant = arg Lnil}é |F($7 Y, CU)| (42)

where fqominans 1S the dominant frequency, and |F'(x, y,w)| denotes the magnitude
of the frequency component at spatial position (z,y) and angular frequency w. Users
can interactively select and modify ROIs in the GUI, which allows them to focus on
different machines or parts of a single machine visible to the camera. Algorithm 6

presents the flow of the EBFM algorithm.

4.4.2 Experiment Setup and Evaluation

Two experiments were designed and performed to assess the performance of the
EBFM-based vibration monitoring system. The first experiment focused on measuring
the vibration of a rotating disk with varying rotations per minute (RPM), highlighting
the system’s accuracy in vibration monitoring. The second experiment involved
monitoring fault conditions in the rotation motor by adding weights to the motor
cylinder. Both experiments utilised the CenturyArk SilkyCam Gen3 event camera
[199]. The specifications of the event camera are provided in Table 4.7.
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Algorithm 6 Event-Based Frequency Mapping Algorithm

1: procedure FREQUENCY MAPPING (events, width, height)

2 Initialize frequency maps F'(z,y,w) < 0 for each pixel

3 Define parameters min__freq, max__freq,dif f_thresh_us
4: while events available do

5 Extract (z,y,t,p) from events

6 Update frequency maps using:

F(z,y,w)  F(z,y,w) + e ™'

7: end while
8: for each ROI defined do

9: Calculate dominant frequency:
fdominant = arg (EHQ?}; |F<£L‘, Y, w)‘
10: Update GUI to display faominant
11: end for
12: return frequency maps, ROI data

13: end procedure

Model PPS3MVCD
Resolution 640 x 480 pixels
Pixel size 15 pm x 15 um
Max latency 200 ps
Dynamic range > 120 dB
Current consump- 200-300 mA
tion

Table 4.7: Specifications of the CenturyArks SilkyCam Gen3 event camera.

Experiment 1

The Buehler MetaServ 250M Grinder Polisher [58] was used for this experiment. This
high-performance equipment is specifically designed for precise sample preparation
in metallography. It features a 14-pole motor with variable speed control, allowing
for adjustments between 100 and 400 RPM, and operates on 115VAC, single-phase
power. The aim of this experiment was to measure the frequency of the rotating
plate and compare it to the actual frequency. Tests were conducted under varying
light conditions low, normal, and bright at 100, 200, 300, and 400 RPM. These

experiments helped assess the accuracy of the system.
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Figure 4.11: Experiment 1 setup. Event camera is placed at the stable surface and 0.3m
from the rotating disc. Disc speed can be varied from 100rpm to 400rpm.

To calculate the frequency for a given speed level and number of poles in an

electric motor, the formula used is:

RPM x No. of Poles
120

Frequency (Hz) = (4.3)

This formula connects the motor’s rotational speed (RPM) with the electrical
frequency (Hz) and the number of poles in the motor. The experimental setup is
shown in Figure 4.11. The disc was rotated for one minute at each speed setting,
and the average frequency was then compared to the calculated value. The event
camera was positioned approximately 0.3 meters from the rotating disc. Figure 4.12
compares three lighting conditions (normal, low, and bright illumination), each
visualised in three modalities. Column (a) shows the RGB image of the rotating disc.
Column (b) presents the accumulated event stream over a fixed temporal window of
15 ms, illustrating motion-induced edge activity. Column (c) displays the output
of the EBFM frequency analysis system, where the colour intensity encodes the
dominant rotational frequency magnitude estimated at each spatial location. Figure

4.13 displays a comparative analysis of the calculated frequencies (from equation 4.3)
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(c)

Normal Light

Low Light

Bright Light

Figure 4.12: Frequency estimation in three different lighting conditions. (a) RGB images
of disc, (b) Event-based representation obtained by accumulating events over a fixed
temporal window of 15 ms, where each point corresponds to a polarity event detected
within that interval. (c) Output of the EBFM system. The colour encodes the estimated
dominant rotational frequency at each spatial location.

against those measured under various lighting conditions. The differences between
the calculated and measured frequencies are minimal, demonstrating the precision of
the EBFM algorithm. However, as the speed increases, a slight variance between the
frequencies measured in low light and the calculated values is observed, suggesting
some sensitivity to lighting conditions. In contrast, measurements taken under bright
light closely match the calculated frequencies, indicating strong performance in
well-lit conditions. The consistently low error rates, as shown in Table 4.8, further
validate the reliability of the EBFM algorithm for rotational frequency monitoring

under various lighting conditions.

Table 4.8: Measured and Ground-Truth Frequencies under Various Lighting Conditions

Speed | Ground Truth Normal Light Low Light Bright Light
(RPM) Freq.(Hz) Freq.(Hz) | % Error | Freq.(Hz) | % Error | Freq.(Hz) | % Error
100 11.67 11.98 2.66 11.91 2.06 12.02 2.99
200 23.33 22.78 2.36 22.32 4.33 23.76 1.84
300 35 33.96 2.97 32.92 5.94 35.61 1.74
400 46.67 44.56 4.52 44.22 5.24 47.12 0.96
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Figure 4.13: Calculated Frequency vs Measured Frequency in different lighting conditions.

Experiment 2

Following the validation of our EBFM rotational frequency monitoring system,
we conducted experiments to examine the effects of anomalies on the frequency
of a rotating motor. For this, we employed the Capco Testing Equipment Ball
Mill machine, which features a single-tier mechanism with three rollers capable of
supporting two rows of jars as weights. The machine allows for adjustable roller
speeds ranging from 0 to 420 RPM, controlled via a speed regulator. Additionally,
the maximum load capacity for the roller is 2.5 kg. The technical specifications of

the Ball Mill machine are shown in Table 4.9.

Machine Capco Ball Mill
Motor 180 w

Weight AT kg

Roll Speed 0-420 RPM

Load Capacity 2.5 kg
Dimensions 278 x 376 x 988 mm

Table 4.9: Specifications of the Capco Test Equipment Ball Mill Machine.

Figure 4.14 illustrates the experimental setup, where the event camera is posi-
tioned approximately 0.3 meters from the machine under bright lighting. To reduce
the impact of floor vibrations, the camera is mounted on a damper. Additionally,

the Ball Mill’s roller remains within the event camera’s field of view.
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Roller

Event Camera

Distance: ~0.3m

Damper

Capco Ball Mills

Figure 4.14: Experiment 2 setup. Capco Ball Mill machine is used for this experiment.
The roller of a machine can rotate from 0-420 RPM. The distance between roller and event
camera is around 0.3 meters.

In this experiment, the machine was operated at three different speed levels (140
RPM, 280 RPM, and 420 RPM). Initially, we measured the frequency of the rotating
roller under normal conditions and then with an additional load. The underlying
hypothesis is that exceeding the machine’s maximum load capacity (as specified in
Table 4.9) would introduce an anomaly, leading to a change in the roller’s frequency.
To evaluate this, we added a 3 kg weight to the roller, ensuring that a heavier load
was avoided to prevent potential damage to the machine. Figure 4.15 presents a
comparison of the roller with and without the load, including the RGB image, event
representation, and EBFM output for both scenarios.

For each condition, data was collected over a one-minute period, and the average
frequency was recorded. As shown in Table 4.10, the addition of a load consistently
led to a slight decrease in frequency across all speed settings: from 5.26 Hz to 5.13
Hz at 140 RPM, 8.38 Hz to 7.88 Hz at 280 RPM, and 11.85 Hz to 11.06 Hz at 420
RPM. This reduction indicates that the load influences the variance in rotational
frequency of the system, supporting our hypothesis that the machine’s frequency
changes when an additional load is applied.

Figure 4.16 shows the frequency variations at three different rotational speeds 140

RPM, 280 RPM, and 420 RPM under two conditions: without a load and with a load.
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Figure 4.15: compares the rotating roller under two loading conditions: the top row
shows the unloaded roller operating at nominal speed, while the bottom row shows the
same roller after additional weights are attached. Column (a) presents the RGB images of
the roller in both scenarios. Column (b) shows the accumulated event stream over a fixed
temporal window of 15 ms, highlighting motion-induced edge activity. Column (c) depicts
the output of the EBFM rotational frequency analysis, where colour intensity encodes the
dominant motion frequency magnitude estimated at each spatial location.

Table 4.10: Frequency Measurements with and without load

Frequency (Hz)
140rpm | 280rpm | 420rpm
No Load 5.26 8.38 11.85

With Load 5.13 7.88 11.06

The vertical axis represents frequency differences in Hertz (Hz), while the horizontal
axis displays a sequence of 300 measurements. At 140 RPM, the frequency differences
remain relatively stable with only minor fluctuations around zero, indicating minimal
impact from the applied load on the rotational speed. However, at 280 RPM, the
frequency variations become more pronounced, suggesting that higher speeds may
introduce greater sensitivity to load-induced changes. This trend becomes even more
significant at 420 RPM, where the frequency differences increase further, particularly
under loaded conditions.

In conclusion, our proposed Event-Based Frequency Mapping (EBFM) rotational
frequency monitoring system effectively detects abnormal vibrations in machinery,
showcasing its potential for real-time health monitoring and automated interventions,
such as machine shutdowns or operator alerts. By leveraging event cameras, the

system captures high-resolution rotational frequency data without physical contact,
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Figure 4.16: Variability of Frequency Differences Under No-Load and Load Conditions
Across Three Rotational Speeds (140 RPM, 280 RPM, 420 RPM).
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ensuring precise fault detection across various load conditions and rotational speeds.
Experimental evaluations confirm its robustness in diverse environments, demon-
strating its adaptability for industrial and robotic applications, where robots can

identify faults in machines and take appropriate corrective actions.

4.5 Summary

This chapter explored the growing applications of event-based vision in robotics
and industrial automation. It discussed various event data formats and proposed
a standardised processing pipeline for improved data handling. The chapter also
presented an event-camera-based gesture recognition system for intuitive human-robot
interaction and introduced an event-based frequency mapping (EBFM) system for
real-time machinery fault detection. These advancements demonstrate the potential
of event-based vision in enhancing efficiency, accuracy, and adaptability in dynamic
environments. Advancements in event-based vision have demonstrated significant
potential in enhancing human-robot interaction (HRI) by enabling more efficient
perception and gesture recognition. However, to further improve collaborative
performance, it is essential to understand the cognitive load experienced by the
user during HRI. The following chapter examines methods for estimating cognitive
load during interaction, exploring physiological, behavioral, and performance-based

indicators to inform the development of adaptive robotic systems.
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Chapter 5

Cognitive Load Estimation During

Human-Robot Interaction (HRI)

5.1 Introduction

As robots take on increasingly collaborative roles in dynamic, real-world environments,
the ability to autonomously recognise and adapt to human cognitive states becomes
essential for effective interaction. This chapter introduces a novel, robot-centric
framework for cognitive load (CL) estimation during human-robot interaction (HRI),
grounded in a multimodal approach that leverages only the robot’s embedded sensing
and interaction capabilities. Departing from traditional methods that rely heavily on
external instrumentation, the framework enables a robot to autonomously administer
cognitive tasks and monitor user responses using onboard sensors such as event and
RGB cameras, microphones, and interaction interfaces. Through the integration of
behavioural cues, including pose dynamics, gaze patterns, facial expressions, and task-
related performance metrics, this study lays the foundation for a fully self-contained
adaptive robotic system capable of monitoring CL in real time. The chapter outlines
the design, data collection, and machine learning methods employed to enable robust
CL estimation, offering key insights into the development of cognitively aware robotic

platforms suitable for everyday settings.
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Novelty & Impact

Novelty: Develops an innovative multimodal cognitive load estimation frame-

work integrating event-based pose estimation, physiological signals, and be-
havioural indicators.
Impact: Significantly advances human-robot interaction by enabling robots

to dynamically adapt to human cognitive states, improving collaborative

performance and user experience.

5.2 Cognitive Load in HRI

As robots increasingly enter critical roles in healthcare, education, and manufactur-
ing, their capability to interpret and respond to human cognitive states becomes
essential. One significant cognitive state, cognitive load (CL), measures the mental
effort required to process information and complete tasks [353, 290]. Unmanaged
cognitive overload can negatively impact human performance, decision-making qual-
ity, and collaborative interactions [360, 124]. Within human-robot interaction (HRI),
failure to detect excessive cognitive load can lead to increased errors, reduced user
trust, and impaired collaboration [226, 389]. Several techniques currently exist to
measure cognitive load in real-time scenarios, such as physiological signals (heart
rate variability, electroencephalography, and skin conductance) [233], behavioural
indicators (facial action units, eye gaze, and body posture) [253], and subjective
measures (self-reported mental effort or task performance metrics) [27, 349]. Al-
though these methods provide valuable insights, they commonly depend on intrusive
sensors, specialised equipment, or controlled environments, making them impractical
for widespread deployment in naturalistic interaction contexts. Recent advancements
have begun exploring robots’ autonomous sensing capabilities using built-in hardware;
however, existing studies often focus on isolated modalities or continue to depend
partly on external sensing systems [393, 3]. Thus, a notable gap remains: no previous

research has comprehensively examined whether robots can independently deliver
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Figure 5.1: Block diagram illustrating the proposed cognitive load estimation framework.

tasks and simultaneously estimate user cognitive load exclusively through embedded
sensing modalities.

To address this gap, we propose a fully robot-centric framework that enables
a humanoid robot to autonomously administer cognitive tasks and simultaneously
monitor user cognitive load using only its internal sensing resources. Specifically,
the robot leverages its onboard event camera—selected for robustness to rapid
movements and varying lighting conditions—to measure body pose dynamics, and
its RGB camera for capturing facial expressions and gaze patterns. Additionally,
auditory and visual stimuli are autonomously delivered through the robot’s integrated
touchscreen and text-to-speech system. A wearable physiological sensor (Shimmer)
serves solely as a ground truth reference to validate the robot-derived estimations,
not as input for the robot’s classification model.

Figure 5.1 illustrates the proposed framework, detailing autonomous data acqui-
sition, feature extraction, and machine learning-based classification of cognitive load
states. The experimental evaluation involved 32 participants performing the Stroop
and N-back tasks, both recognised for effectively modulating cognitive load.

The main contributions of this chapter are:

1. The introduction and validation of a fully autonomous, robot-centric cognitive
load estimation framework, removing the need for external perception or task-

delivery devices.
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2. Comprehensive statistical analyses comparing robot-derived behavioural signals
against physiological ground truth, establishing reliability and robustness of

onboard sensing modalities across visual and auditory task conditions.

3. Development and evaluation of a supervised machine learning classifier, trained
exclusively on robot-captured behavioural indicators, achieving high accuracy

in discriminating between high and low cognitive load.

By demonstrating that socially interactive robots can independently monitor
cognitive load using their embedded sensing and interactive resources, this study
advances the development of genuinely adaptive, cognitively aware robotic systems

suitable for real-world applications.

5.3 Related Work

Cognitive load (CL) is a fundamental concept in cognitive science, initially introduced
to understand the mental processes involved in learning and problem-solving [258].
Over the years, the scope of CL has expanded to various domains, including human-
robot interaction (HRI), where it plays a crucial role in enhancing collaboration
efficiency and user experience [191][112]. This section provides a comprehensive
overview of the evolution of CL, its measurement methodologies, and the existing
gaps in the context of HRI. The concept of cognitive load was first introduced by
John Sweller in the late 1980s within the framework of Cognitive Load Theory (CLT)
[352]. Sweller aimed to explain the cognitive processes involved in learning and
instructional design, emphasizing the limitations of working memory. CLT posits
that working memory has a finite capacity, and effective instructional methods must
manage cognitive load to optimise learning outcomes. Cognitive load is typically
categorized into three types: intrinsic, extraneous, and germane. Intrinsic load
pertains to the inherent difficulty of the material, extraneous load relates to the way
information is presented, and germane load involves the mental resources dedicated

to processing and understanding the material [353]. The rest of the section details the
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various methodologies previously employed to evaluate cognitive load in experimental

contexts.

5.3.1 Performance-Based Methods

Performance-based methods assess cognitive load by analysing task performance
metrics such as response time, error rates, and task completion efficiency [157].
These measures operate on the premise that higher cognitive load negatively impacts
performance, resulting in slower responses and increased errors. For example, studies
have demonstrated that as task difficulty escalates, leading to elevated cognitive
load, individuals exhibit longer response times and a higher propensity for mistakes
[281]. While performance-based metrics provide objective indicators of cognitive
load, their applicability is inherently task-dependent. Metrics like response time
and error rates vary significantly across different tasks and environments, limiting
their generalizability. Moreover, these measures often fail to account for individual
differences in cognitive capacity and strategies, which can influence performance
independently of cognitive load [288]. Therefore, relying solely on performance-based
methods can result in an incomplete and context-specific assessment of cognitive

load, highlighting the need for more versatile measurement approaches in HRI.

5.3.2 Physiological and Behavioural Methods

Physiological and behavioural measures provide objective indicators of cognitive
load by monitoring changes in the body’s physiological responses and observable
behaviours [3][307]. Common physiological indicators include heart rate variability
(HRV), galvanic skin response (GSR), electroencephalogram (EEG) signals, and
pupil dilation [271]. For instance, elevated HRV and increased GSR have been
linked to higher cognitive load [155]. EEG measurements, particularly theta wave
activity in the frontal region, also correlate with cognitive load levels [406]. Pupil
dilation, as a measure of autonomic nervous system activity, has been consistently
associated with increased cognitive effort [375][358][112]. behavioural indicators

encompass a range of observable actions such as body movement amplitude, velocity,
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and frequency [12]. These measures are advantageous due to their non-intrusive
nature and ease of integration into HRI systems. For example, increased body
movement velocity may indicate heightened cognitive engagement or stress, while
reduced movement amplitude could signify cognitive overload [330]. Despite their
utility, physiological measures often require specialized and sometimes cumbersome
sensors, which can hinder natural interaction and limit their practicality in dynamic
HRI environments [24]. Behavioural measures, while more accessible, may not fully
capture the complexity of cognitive load without complementary physiological data.
Additionally, variations in individual baseline physiological and behavioural responses
necessitate personalized calibration for accurate CL estimation. Therefore, combining
physiological and behavioural measures with other data sources is essential for a

comprehensive and reliable assessment of cognitive load in HRI.

5.3.3 Questionnaire-Based Methods

Subjective questionnaires remain the most widely used method for measuring cog-
nitive load due to their straightforward implementation and ease of administration
[207]. Instruments such as the NASA Task Load Index (NASA-TLX) and the Cogni-
tive Load Component Survey are prevalent tools that capture individuals’ perceived
mental effort [89]. The NASA-TLX, for instance, evaluates six dimensions: mental
demand, physical demand, temporal demand, effort, performance, and frustration,
providing a comprehensive overview of the user’s subjective experience. Despite
their popularity, subjective measures have notable limitations. They rely heavily on
self-reporting, which can be susceptible to biases and inaccuracies, especially when
administered post-task. This retrospective assessment fails to capture the dynamic
fluctuations of cognitive load during real-time interactions, making it less suitable for
applications like HRI where immediate adaptation is essential [288]. Consequently,
while subjective questionnaires offer valuable insights, they are often complemented
with more objective measurement techniques to obtain a holistic understanding of

cognitive load.
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5.3.4 Integrated and Multi-Modal Approaches

Recognizing the limitations of single or dual measurement methods, recent ad-
vancements emphasize the integration of multiple data sources to provide a more
comprehensive and accurate assessment of cognitive load. Multi-modal approaches
combine physiological, behavioural, and performance-based measures to capture
the multifaceted nature of cognitive load. For example, integrating heart rate data
with body movement patterns and task performance metrics can offer a holistic
view of the user’s cognitive state. Some studies have ventured into combining gaze
tracking, with traditional physiological measures to enhance the accuracy of CL
estimation [42][380][129]. Some of these integrated frameworks leverage machine
learning techniques to process and analyse diverse data streams, enabling more
nuanced and reliable cognitive load assessments [233][69][3][197]. However, despite
the potential of multi-modal approaches, most existing studies still rely on a limited
number of data streams, often focusing on one or two types of indicators. This
fragmentation restricts the ability to capture the full spectrum of cognitive load
dynamics, particularly in real-time and dynamic HRI scenarios.

The existing solutions highlight that while substantial progress has been made in
cognitive load estimation, current methodologies remain fragmented and limited in
scope. Subjective questionnaires, performance-based metrics, speech-based indicators,
and physiological and behavioural measures each contribute valuable insights but also
present inherent limitations. The reliance on single or dual data sources restricts the
ability to capture the dynamic and multifaceted nature of cognitive load. To address
these limitations, our proposed framework integrates a comprehensive set of indica-
tors, including physiological signals (heart rate, skin temperature, and resistance),
behavioural measures (body amplitude, velocity, and frequency), facial action units
(FAUs), gaze tracking, and pose dynamics. This multi-modal approach enhances
cognitive load estimation accuracy while ensuring real-time adaptability, making it
particularly well-suited for dynamic HRI scenarios. By leveraging state-of-the-art
sensing technologies and advanced machine learning techniques, our framework pro-

vides a more nuanced and reliable assessment of cognitive load. Furthermore, unlike
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existing solutions that often require specialized hardware (e.g., Tobii glasses for pupil
tracking), our framework is designed to be adaptable and applicable to various task
modalities, whether visual or auditory. This versatility ensures broad applicability
across different HRI contexts. Additionally, by making our dataset publicly available,
we aim to foster further research in cognitive load estimation, allowing the research
community to validate our findings and contribute to advancements in the field. To
further address the gap in research quantifying the effects of cognitive load on human
pose, we conducted a pilot study investigating this relationship. This study aims to
explore how cognitive load influences pose dynamics, providing additional insights

that can enhance cognitive load estimation in HRI.

5.4 System Architecture

The goal of the system is to enable a humanoid robot to independently administer
cognitive tasks and estimate user cognitive load using only its onboard sensors. This
section outlines the robot platform, data acquisition pipelines, and the validation

mechanism.

5.4.1 Robot Platform and Onboard Sensing

We employed the ARI humanoid robot for this study. For human pose estimation
(HPE), we utilised an event camera-based model, consistent with our previous pilot
study. Physiological measurements were obtained using the Shimmer sensor, while
facial action units and gaze tracking were analysed with the OpenFace offline software.

Additional information about the robot, sensors, and software is provided below.

ARI Robot

ARI is a social humanoid robot developed by PAL Robotics, equipped with a 10.1-
inch touchscreen interface for displaying visual information and receiving user inputs.
Its interactive capabilities and human-like design facilitated an engaging environment

for studying human-robot interaction under varying cognitive load conditions.
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Incident Light

CenturyArk
SilkyCam VGA
events

Figure 5.2: In CenturyArk SilkyCam VGA (event camera) each pixel continuously
monitors changes in logarithmic light intensity and generates an event whenever the intensity
change exceeds a predefined contrast threshold, producing asynchronous brightness-increase
or brightness-decrease events rather than frame-based measurements. These events are fed
to the MovEnet model to get human pose estimation.

Event Camera for HPE

Human Pose Estimation (HPE) is essential for accurately analysing human position,
pose, and movement, particularly in real-time scenarios. While traditional HPE
methods using RGB cameras have made significant progress, they often face challenges
such as motion blur and low temporal resolution [259]. Event cameras address these
limitations by capturing intensity changes in a scene at high temporal rates, operating
independently of lighting conditions, and focusing only on motion-relevant data [91].
This results in reduced computational requirements, lower power consumption,
and faster processing, making event cameras ideal for real-time applications in
robotics. Some hybrid approaches, such as EventCap and EventHPE [422], combine
event cameras with traditional frame-based data to leverage the strengths of both
technologies but inherent limitations like data redundancy and asynchronous errors.
Conversely, exclusive event-based solutions like LifttMono-HPE [327] face challenges
with high computational demands, limiting their real-time applicability. Among
event-based HPE methods, MoveEnet [150] stands out for its ability to process event
streams directly, without relying on frame-based data. This lightweight approach
ensures accurate and high-frequency pose estimation in real-time, fully utilizing the
advantages of event cameras. For these reasons, MoveEnet was selected for our
experiments. Figure 5.2 illustrates the event camera’s circuit diagram and an example

of pose estimation using MoveEnet [150]. In the pipeline, the raw asynchronous
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a) Shimmer Sensor b) OpenFace

Figure 5.3: Shimmer sensor is used to measure heart-rate, skin temperature and conduc-
tance. OpenFace is used to measure FAUs and gaze tracking.

event stream is first accumulated over short temporal windows and converted into a
structured representation compatible with the pose estimation network. MoveEnet
then processes this event-derived representation to estimate 2D body keypoints at
each time step. From these estimated keypoints, movement dynamics such as joint

displacement, velocity, and temporal variation in pose configuration are computed.

Shimmer Sensor

We utilised the Shimmer3 GSR+ Unit, a sensor designed to capture physiological data
such as heart rate, skin temperature, and skin conductance. It measures Galvanic
Skin Response (GSR), or Electrodermal Activity (EDA), which increases with higher
cognitive load [60]. The device monitors skin conductance between two electrodes
attached to the fingers and captures Photoplethysmogram (PPG) signals via an
optical pulse probe or ear clip, enabling heart rate estimation from blood volume
changes. This dual functionality allows simultaneous tracking of electrodermal

activity and cardiovascular metrics (Figure 5.3a).

OpenFace

OpenFace is an open-source toolkit designed for facial behaviour analysis, to monitor
participants’ facial expressions and eye movements [28]. OpenFace is capable of

detecting facial landmarks, estimating head poses, recognizing facial action units
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(FAUs), and tracking eye gaze. OpenFace employs the Facial Action Coding System
(FACS) to identify specific facial muscle movements, providing insights into partici-
pants’ emotional states and cognitive load during tasks. In Gaze Tracking, OpenFace
estimates eye gaze direction by analysing eye position and orientation relative to
the head, allowing assessment of visual attention and focus [28]. OpenFace operates
in real-time using standard webcams, facilitating seamless integration into various

research environments without the need for specialized hardware (Figure 5.3b).

Qualtrics

Qualtrics is an online survey platform renowned for its versatility and user-friendly
interface, to collect subjective responses from participants. To assess participants’
perceived workload, we employed the NASA Task Load Index (NASA-TLX), a
widely recognized subjective workload assessment tool developed by NASA’s Ames
Research Center. The NASA-TLX evaluates perceived workload across six dimensions
[124]. Participants rate each dimension after every task for both of the experiments,

providing a measure of cognitive and physical workload after task performance.

5.5 Hypotheses- Main Study

The primary objective of these experiments is to explore how physiological, FAUs,
Gaze, and behavioural measures are influenced by variations in cognitive load. The
hypotheses are as follows:

HO: Task accuracy will decrease in high cognitive load condition as compared to
the low cognitive load condition.

H1: Participants will exhibit higher average heart rates under high cognitive
load conditions compared to low cognitive load conditions.

H2: Electrodermal activity (EDA) will increase in the high cognitive load
condition compared to the low cognitive load condition.

H3: The frequency of facial action units (e.g., eyebrow raises, frowns), as detected

by the RGB camera, will vary between high and low cognitive load conditions.
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H4: Gaze patterns will differ across cognitive load levels, specifically: H4a:
Blinking frequency will vary. H4b: Gaze angle changes will be observed.

H5: Movement dynamics, including: H5a: Amplitude, H5b: Frequency and
Hb5c: Velocity, as measured by the event camera, will differ between high and low
cognitive load conditions.

H6: Self-reported cognitive load will be higher in the high cognitive load condition

than in the low cognitive load condition.

5.6 Pilot Study: Event Camera-Based Human
Pose Estimation for Cognitive Load Analysis

To bridge the gap in research quantifying the impact of cognitive load on human
pose, we conducted a pilot study to investigate this relationship. The study aimed to
determine whether fluctuations in cognitive load affect human posture and movement
patterns. Our work is among the first to systematically examine this interaction,
providing valuable insights into the connection between cognitive load and body
dynamics.

Human Pose Estimation (HPE), which involves detecting and tracking body
postures, has proven to be a valuable tool for assessing cognitive load. Research
suggests that body movements and postures adapt to varying cognitive demands,
making it possible to infer an individual’s cognitive state during a task [339, 213].
Specific behavioural cues, such as rubbing the forehead, shifting shoulders, moving
legs, or becoming noticeably stiffer, are often associated with different levels of
cognitive load [383, 132]. Human pose can be detected using an RGB camera and
popular libraries such as OpenCV, MediaPipe [66], and OpenFace [29]. However,
traditional RGB cameras operate synchronously at a fixed frame rate, limiting their
ability to capture rapid or subtle movements that occur between frames. This
restriction reduces their effectiveness in detecting fine-grained changes in human

pose.
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Figure 5.4: Study design to measure behavioural responses to different levels of cognitive
load: the human subject is asked to perform a Stroop task with high or low cognitive
load. Event-cameras recorded the human behaviour were used to measure pose, task
difficulty was assessed using reaction time, accuracy, and perceived difficulty (through a
questionnaire).

As discussed in Section 1.2, event cameras overcome these limitations by capturing
visual changes asynchronously with high temporal resolution, enabling them to detect
fast and subtle movements that standard cameras might miss due to lower frame
rates and motion blur [396]. While extensive research has explored cognitive load
assessment through physiological metrics such as pupil dilation, eye tracking [156],
and heart rate variability [272], there is a significant gap in quantifying how human
pose varies under different cognitive load conditions. Despite evidence linking
cognitive load to posture and movement changes, few studies have systematically
measured and analysed these variations [376, 4]. This study aims to bridge that gap
by leveraging event camera technology to quantify and analyse human pose dynamics
under varying cognitive loads, offering a new dimension to cognitive load assessment
that complements existing behavioural measures.

This pilot study investigates behavioural responses to cognitive load by employ-
ing event camera-based human pose estimation (HPE). The central focus is on
understanding how varying levels of cognitive load, induced through a Stroop task,
influence participants’ body posture and movement patterns. To complement the ob-
jective measurements, subjective evaluations were also included using a questionnaire
designed to capture participants’ perceptions of the cognitive demands associated

with different tasks. Figure 5.4 presents an overview of this pilot study, illustrating

131



5.6 Pilot Study: Event Camera-Based Human Pose Estimation for
Cognitive Load Analysis

the cognitive load induction process and outlining how human pose data, reaction
time, task performance, and perceived difficulty were systematically measured. The
primary aim of this investigation is to determine whether cognitive load leads to
observable changes in human movement and posture, and to evaluate the utility
of event camera-based HPE as a viable method for capturing these variations. To
explore this, cognitive load was experimentally manipulated by comparing high and
low load conditions within the Stroop task paradigm. The study tested several
hypotheses: (H1) self-reported cognitive load would be higher under the high load
condition; (H2) reaction times would be longer in the high load condition; (H3) task
accuracy would be lower when cognitive load was high; (H4) the amplitude of bodily
movements would differ between the two load conditions; and (H5) the frequency of

movements would also vary according to the level of cognitive load.

5.6.1 Pilot Study - Experimental Design

We designed a within-subject experiment in which cognitive load was manipulated
at two levels (low vs. high) during task performance. This study was preregistered
on aspredicted.org (https://aspredicted.org/2dd7j.pdf) and received ethical approval
from the Bielefeld University Ethics Review Board (application no. 2024-126, dated
06.04.2024). The Stroop task [248], a widely used psychological test for assessing
cognitive load and interference [154], was selected as the primary task. In this task,

"o

participants were presented with colour words (e.g., "red," "blue," "green," "yellow")
written in either congruent or incongruent ink colours (e.g., the word "red" printed
in blue ink) and were instructed to name the ink colour rather than the word itself.
This design effectively measures cognitive load by creating a conflict between the
automatic process of reading and the controlled process of identifying the ink colour
[248]. The study was implemented using PsychoPy [391] and began with a practice
phase to familiarize participants with the Stroop task format and procedures. This
phase ensured they understood the task requirements and could perform it accurately.

PsychoPy then randomly assigned participants to either the low cognitive load (LL)
or high cognitive load (HL) condition first.
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In the low cognitive load condition, participants identified the ink colours of
displayed words and pressed the corresponding keys on a keyboard, with each key
labelled with a colour sticker to facilitate responses. In the high cognitive load
condition, participants performed the same Stroop task but with an additional
working memory challenge—they had to memorize a six-digit string and recall it at
the end of the task. This secondary task was designed to further engage working
memory, increasing cognitive load. After completing each task, participants rated
their experience and perceived difficulty using the NASA Task Load Index (TLX),

adapted to a seven-point Likert scale.

Table 5.1: Pilot Study - Participant Demographics

Participants 34

Gender Male:25, Female:9

Age 23-55 (Mean: 32.03, SD: 6.86)
English Level B2: 2, C1: 16, C2: 14, Native: 2
Highest Education | Bachelors: 1, Masters: 22, PhD: 11

Participants were recruited during the CapoCaccia Neuromorphic Workshop
(CCNW) 2024. Participation was entirely voluntary, and individuals could withdraw
at any time without any consequences. Each participant was guided to a designated
room where the experiment was set up, standing in front of a projector screen. They
were provided with an information sheet and asked to sign a consent form before
beginning the experiment. To maintain simplicity and avoid the novelty effect, no
robot was used in this setup. All instructions were displayed on the screen, and
participants used a keyboard positioned on their preferred side (left or right) to
input responses (a: red, s: green, d: yellow, f: blue). The entire procedure took
approximately 15 minutes per participant. An event camera was placed in front
of each participant to record body pose throughout the experiment. Personal data
was handled with strict confidentiality and in full compliance with GDPR, with
only movement tracking data being retained. Figure 5.5 illustrates the experimental

setup.
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Figure 5.5: Participants performing the study. The task, along with the instructions, is
displayed on the projector screen.

5.6.2 Pilot Study - Results and Discussion

We collected body pose data for each timestamp, along with participants’ perfor-
mance and reaction times for the Stroop task under both conditions (LL and HL).
Additionally, we recorded performance and reaction time data for congruent and
incongruent trials within the Stroop tasks. Participant demographics, including age,
gender, English proficiency, and education level, were obtained from the information
forms. The completed questionnaires provided insights into participants’ experiences
and perceived task difficulty for each condition. A total of N=34 participants took
part in the study, with 25 identifying as male and 9 as female. The average participant
age was 31.56 years. The sample included 1 Master’s student, 22 Ph.D. students,
and 11 individuals who had completed their Ph.D. In terms of English proficiency, 2
participants were at the B2 level, 16 at the C1 level, 14 at the C2 level, and 2 were
native speakers. Table 5.2 provides a summary of these results.

Analysis of the NASA TLX questionnaire data confirmed that our tasks success-
fully induced distinguishable levels of cognitive load in participants. The NASA TLX
scores for mental demand, physical demand, temporal demand, performance, effort,
and frustration were averaged to generate an overall score for each condition.

To compare the overall scores between high and low cognitive load conditions,
we applied the Wilcoxon signed-rank test, a non-parametric method suitable for

paired samples. Since this test does not assume a normal distribution of differences,
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Metric Value
Avg. Reaction Time of Males (Low CL, High CL) 1.450 sec
Avg. Reaction Time of Females (Low CL, High CL) | 1.471 sec
Avg. Reaction Time (Low CL) 1.344 sec
Avg. Reaction Time (High CL) 1.367 sec
Percentage Correct (Low CL) 93.202%
Percentage Correct (High CL) 92.630%
Avg. Reaction Time (Low CL, Congruent) 1.341 sec
Avg. Reaction Time (Low CL, Incongruent) 1.347 sec
Avg. Reaction Time (High CL, Congruent) 1.366 sec
Avg. Reaction Time (High CL, Incongruent) 1.367 sec
Table 5.2: Summary of Cognitive Load (CL) Experiment Results
(a) NASA TLX Scores ) (b) Reaction Times
0 g
S g1
o =
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Figure 5.6: NASA TLX score and Reaction time under low and high cognitive load
conditions.

it is particularly appropriate for ordinal data collected from the Likert scale. The
Wilcoxon signed-rank test revealed a statistically significant difference between the
high (M=3.22, SD=0.66) and low (M=3.02, SD=0.64) cognitive load conditions (W
= 48.5, p < .001, r = 0.47). Figure 5.6(a) presents a box plot illustrating the NASA
TLX scores for both conditions. These results support hypothesis H1, indicating that
cognitive load significantly influences participants’ perceived workload and confirming
the effectiveness of our task design in inducing varying levels of cognitive load.
Analysis of reaction times revealed that participants took slightly longer to
respond under high cognitive load (M=1.37, SD=0.26) compared to low cognitive
load (M=1.34, SD=0.25). This pattern was consistent across both congruent and

incongruent stimuli. Previous research by Aditya et al. [186] has shown that
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Figure 5.7: The average amplitude, frequency, and velocity of movements under high
and low cognitive load conditions. The Wilcoxon signed-rank tests confirmed that these
differences are significant.

reaction times can vary by gender. In our study, the average reaction time for
male participants across both conditions (LL-HL) was 1.45 seconds, while for female
participants, it was 1.47 seconds. To compare reaction times between cognitive load
conditions, we conducted a Wilcoxon signed-rank test (1W'=206, p=.005, r=0.30),
which indicated a statistically significant difference. These findings support hypothesis
H2, demonstrating that increased cognitive load leads to a measurable and significant
delay in response times. Figure 5.6(b) presents a box plot illustrating reaction times
under both conditions. This result suggests that higher cognitive load negatively
impacts performance by slowing participants’ response times.

In terms of the correctness of answers, the percentage of correct responses was
slightly higher in the low cognitive load condition (93.20%) compared to the high
cognitive load condition (92.63%). However, the Wilcoxon signed-rank test for
correctness resulted in W=82.0, p=0.238, and r=0.654, indicating no significant
effect of cognitive load on response accuracy. This finding does not support hypothesis
H3. The results suggest that while increased cognitive load leads to a significant
slowdown in reaction times, it does not have a substantial impact on response
accuracy.

The Wilcoxon signed-rank tests on human pose data collected with an event
camera indicated differences in movement amplitude, frequency, and velocity between
high and low cognitive load conditions. Specifically, average amplitude (WW=251,
p = .005, r=0.24) and velocity (W=250, p = .005, r=0.24) were higher under
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Measure W | p-value | r
Reaction Time | 206 .005* 0.30
Correctness 82 0.237 0.25

Amplitude 251 .005* 0.24
Frequency 248 077 0.29
Velocity 250 .005* 0.24

Table 5.3: Wilcoxon Signed-Rank Test Results. * represents a significant p-value.

low cognitive load compared to high cognitive load. Frequency results were not
significant in this case (W=248, p = .077, r=0.29). These results suggest that
movement characteristics are influenced by cognitive load, supporting hypotheses H4
and H5. Figure 5 presents the box plots of these findings, while Table 5.3 summarizes
the Wilcoxon signed-rank test results.

The pilot findings demonstrated that pose dynamics derived through onboard
event-based sensing are effective and reliable behavioural indicators of cognitive load.
Consequently, these pose-based features were integrated into the feature extraction
and classification pipeline of the main study. A detailed description of the pilot

study, including comprehensive statistical methods and results, can be found in [12].

5.7 Study Design

We designed a within-subject experiment in which the level of cognitive load during
task performance was manipulated (i.e., low vs. high cognitive load). This experiment
was preregistered on aspredicted.org (https://aspredicted.org/g7sg-{s23.pdf) and
received ethical approval from Sheffield Hallam University (ID: ER70783970) and
Bielefeld University (ID. 2024-244) Ethics Review Board. Two experiments were
conducted: one involving visual stimuli and the other involving auditory stimuli.
The order of stimuli was counterbalanced to mitigate carryover effects. A 2-3-minute

resting period was introduced after each task in both experiments.

5.7.1 Visual Task

Similar to the pilot study described in Section 5.6.1, the visual stimuli involved

a Stroop task [249]. In this version, instead of pressing a button on a keyboard,
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participants were instructed to verbally name the ink colour rather than read the
word itself. This task introduces cognitive conflict, as the automatic process of
reading the word interferes with the controlled process of identifying the ink colour.

In the low cognitive load (LL) condition, 80% of the trials presented congruent
stimuli. In contrast, the high cognitive load (HL) condition reversed this ratio,
with 20% congruent and 80% incongruent stimuli, thereby increasing conflict and
inducing greater cognitive effort. Each condition consisted of 25 trials, and the order
of presentation was randomised for each participant to control for potential order
effects. Participants responded to the Stroop stimuli by verbally naming the ink

colour of the word displayed on the robot’s screen.

5.7.2 Auditory Task

The auditory stimuli were based on the N-back test, a well-established cognitive task
used to evaluate working memory. Participants were required to track a sequence of
auditory stimuli and determine when the current stimulus matched one presented
“N” steps earlier. Cognitive load was systematically manipulated by increasing the
value of "N," which heightened memory demands and required greater cognitive effort
for stimulus matching [282][257].

In the low cognitive load (1-back) condition, participants listened to a sequence
of 50 digits spoken by the robot, with a one-second interval between digits. They
were instructed to respond with “yes” whenever the current digit matched the one
presented immediately before. For example, in the sequence “3, 7, 7,” participants
responded “yes” upon hearing the second “7.” In the high cognitive load (2-back)
condition, participants had to identify when the current digit matched the one
presented two steps earlier. For instance, in the sequence “5, 2, 5,” a “yes” response
was required upon hearing the second “5.” Each condition began with two practice
sessions to familiarize participants with the task and provide feedback for better
understanding. The main experimental phase included 50 trials per condition, during
which no feedback was given to ensure unbiased performance data. To capture

participants’ verbal responses accurately, we used OpenAl Whisper [151], a state-
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of-the-art speech-to-text tool known for its high transcription accuracy and noise
resilience. Whisper enabled real-time transcription, ensuring precise data collection
while minimizing errors associated with manual transcription. Additionally, all

transcriptions were manually verified against the recorded audio of the entire task.

5.7.3 Data Collection and Ground Truth Labelling

To support classification of cognitive load, we implemented a multimodal data
collection protocol that included physiological, behavioural, performance-based, and
subjective measures. Physiological data were acquired using a Shimmer3 wearable
device, which recorded heart rate (HR), electrodermal activity (EDA), and skin
temperature. These signals were not used as input for classification but served
exclusively as ground truth labels to validate the features derived from the robot’s
onboard sensors. Behavioural data were collected using the robot’s embedded sensors.
Pose dynamics were estimated from event camera input, while facial action units
(FAUs), gaze direction, and head orientation were extracted from RGB video using
the OpenFace toolkit. These features capture subtle changes in user behaviour under
varying cognitive demands.

Performance metrics included task accuracy and reaction time. Accuracy was
computed as the proportion of correct responses per trial, and reaction time was
defined as the interval between stimulus presentation and participant response. These
measures were used to assess behavioural outcomes under different load conditions.
Subjective workload was assessed using the NASA Task Load Index (NASA-TLX).
After each task, participants rated their perceived workload across six dimensions,
providing an additional reference point for cognitive state classification. An overview
of the data collection framework is shown in Figure 5.8, which extends the pipeline
presented in Figure 5.1. Together, these modalities provide a robust foundation for
evaluating the effectiveness of the robot sensing model in distinguishing between

high and low cognitive load states.
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Figure 5.8: Extended block diagram illustrating the detailed workflow of cognitive load
estimation, including data collection, preprocessing, statistical analysis, model training,
and classification into low and high cognitive load states.

5.7.4 Participants Recruitment and Demographics

An open call for participation was distributed via mailing lists and social media.
Participation was voluntary, with the option to withdraw at any time. On the
experiment day, participants received an information sheet and consent form. After
signing, a wrist sensor was attached, and they were positioned in front of the
ARI robot. To mitigate novelty effects and establish a cognitive baseline, they
first completed a reverse digit span task, followed by a short break. The system
randomly assigned participants to start with either the visual or auditory experiment
and determined task difficulty (high or low cognitive load). After each task, they
completed the NASA-TLX questionnaire and took a brief break. The entire session
lasted approximately 20 minutes per participant. All data were handled confidentially
and in compliance with GDPR. Demographic information, including age, gender,
English proficiency, and education level, was collected via an information form. A
total of N = 32 (details of the G-power calculation are available in the supplementary

material and on the project website.) participants completed the study (ages 19-37,
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M =25.12, SD = 4.81). A detailed description of the demographic information of

participants can be found in Table 5.4.

Table 5.4: Participant Demographics

Participants 32

Gender Male:19, Female:13

Age 19-37 (Mean: 25.12, SD: 4.81)

English Level B1: 3, B2: 8, C1: 11, C2: 6, Native: 4

Highest Education | High School: 4, Bachelors: 9, Masters: 15, PhD: 2

5.8 Statistical Analysis

To systematically assess the differences between high cognitive load (HCL) and low
cognitive load (LCL) conditions, we conducted comprehensive statistical analyses.
Paired differences between the two conditions were evaluated for normality using the
Shapiro-Wilk test [162]. Data satisfying the normality assumption (p > 0.05) were
analysed using paired t-tests, while non-normally distributed pairs were assessed
using the Wilcoxon signed-rank test. This ensured rigorous and accurate hypothesis

testing appropriate to our within-subject experimental design.

5.8.1 Visual Task Results

In the visual task, cognitive load had a clear impact on participant performance
and behavioural responses. Task accuracy was notably higher under LCL (M =
96.68%, SD = 3.56%) than HCL (M = 91.71%, SD = 3.90%; p < .001,r = .97), while
reaction times increased under HCL (M = 1.35s, SD = 0.31s) relative to LCL (M =
1.21s, SD = 0.22s; p = .009,d = .12). Participants also reported greater perceived
workload in the HCL condition, as reflected by NASA-TLX scores (p = .001,d = .67),
reinforcing the alignment between subjective and objective load indicators. Analysis
of behavioural features revealed that movement amplitude (p = .010,r = .75) and
velocity (p = .006,r = .77) decreased under higher cognitive demands, indicating
a more constrained posture likely linked to increased mental effort. While pose

frequency did not differ significantly (p = .091,r = .67), gaze angle varied between
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Figure 5.9: Visual Task - Stroop task performance metrics: average accuracy (%), average
reaction time (seconds), and self-reported cognitive load under high and low cognitive load
conditions.
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Figure 5.10: Visual Task - Box plot showing amplitude and velocity of behavioural
measures under high and low cognitive load conditions.

conditions (p = .035,r = .71), suggesting visual attention shifts under load. In
contrast, blink frequency (p = .123,d = .28) and facial action units (p = .802,d = .09)
showed minimal differences, suggesting limited responsiveness of these markers in
the context of visual tasks. Physiological ground truth metrics exhibited marginal,
non-significant changes; heart rate (p = 0.488,d = .12), electrodermal activity (EDA;
p = .942,d = .01), and skin temperature (LCL: M=30.33°C, SD=2.15°C; HCL:
M=30.36°C, SD=2.13°C) all remained consistent, highlighting the limited sensitivity

of short-duration tasks for physiological signals.
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Table 5.5: Visual stimuli statistical test results for hypotheses, including test types,
statistics, and p-values. Significant p-values are highlighted in bold. * shows the ground
truth results. (EC) refers to the parameters obtained from the event camera.

Hyp. Measure Test Used Statistic P-Value
HOa  Stroop Avg. Accuracy Wilcoxon 14 <.001
HOb  Stroop Avg. Reaction Time  Wilcoxon 117 .009
H1 Heart Rate* t-test 0.702 0.487
H2 Electrodermal Activity™ t-test 0.073 0.941
H3 Facial Action Units t-test 0.252 0.802
H4a  Avg. Blink Frequency t-test 1.587 0.122
H4b  Avg. Gaze Angle Wilcoxon 152 .035
Hb5a  Avg. Pose Amplitude (EC)  Wilcoxon 129 .010
H5b  Avg. Pose Frequency (EC) Wilcoxon 173 0.090
H5c¢  Avg. Pose Velocity (EC) Wilcoxon 121 .006
H6 Self-Reported (NASA TLX) t-test 3.573 .001

5.8.2 Auditory Task Results

Results from auditory tasks similarly indicated a robust impact of cognitive load
on participants’ performance and behaviour. Task accuracy decreased significantly
under HCL (M=88.75%, SD=11.40%) compared to LCL (M=99.38%, SD=3.10%;
p < .001,r = .95), with participants reporting significantly higher subjective cognitive
load via NASA-TLX (p < .001,d = 1.15), reinforcing the effectiveness of the cognitive
manipulation. Behavioural measures revealed significant reductions in movement
amplitude and velocity under HCL conditions (p = .002,r = .79), confirming the
sensitivity of pose dynamics across modalities. Facial action units (FAUSs) also showed
significant differences between conditions (p = .012,d = .46), underscoring their
sensitivity to cognitive strain in auditory contexts. However, gaze-related measures,
including gaze angle (p = 0.548,r = .36) and blink frequency (p = 0.472,d = .12),
did not differ significantly, reflecting modality-specific characteristics of auditory
tasks. Ground truth physiological data presented mixed outcomes; heart rate

significantly increased under HCL (p = .032,r = .71), but electrodermal activity
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Figure 5.11: Box Plots for Heart Rate and Facial Action Units (FAUs) under high and
low cognitive load conditions.

(EDA; p = 0.573,d = .16) remained stable across conditions. Skin temperature
exhibited minor, non-significant differences (LCL: M=30.42°C, SD=2.10°C; HCL:
M=30.27°C, SD=2.20°C), consistent with findings from visual tasks.

Detailed statistical outcomes for all measured indicators are summarised compre-
hensively in Tables 5.5 and 5.6, with additional visualisations provided in supple-

mentary materials available on the project website.

5.9 Training Classifier

To classify cognitive load using features derived solely from the robot’s onboard
sensors, we trained a supervised model to distinguish between high and low cognitive
load states. Physiological signals from the Shimmer device were used only to label
data instances for supervised training and evaluation, not as classifier inputs. All
feature vectors were constructed using facial, gaze, pose, and performance indicators
described earlier.

Before training, we applied a dimensionality reduction process to improve class
separability and computational efficiency. While the original feature set spanned
22 variables, many showed interdependence and overlapping distributions. Kernel

Linear Discriminant Analysis (Kernel LDA) was employed to project the data into a
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Figure 5.12: Box plot showing amplitude and velocity of behavioural measures under
high and low cognitive load conditions.

non-linear discriminative space. Compared to PCA and linear LDA, Kernel LDA
achieved the highest Silhouette Score (0.7088), which measures how well samples are
clustered by comparing within-class cohesion to between-class separation, thereby
confirming improved class compactness and discriminability. This transformation
is compatible with real-time applications, although classification in this study was
performed offline (more information about feature transformation can be found in
the supplementary material).

We benchmarked six classifiers on the transformed feature set: Random Forest
(RF), AdaBoost (AB), Logistic Regression (LR), Decision Tree (DT), Naive Bayes
(NB), and Support Vector Machine (SVM). The dataset (128 labelled instances) was
split into 80% training and 20% testing sets, ensuring participant independence across
folds to avoid data leakage. Performance was evaluated using accuracy, precision,
recall, and F'1-score metrics. Ensemble models showed the highest predictive accuracy,
with Random Forest achieving 97.4% and AdaBoost 94.9%. Logistic Regression
performed comparably to AdaBoost, suggesting that the feature space was close to
linearly separable after transformation. Decision Tree and Naive Bayes achieved
moderate accuracy (89.7%). In contrast, SVM underperformed at 73.4%. This lower

performance may be attributed to several factors. First, the relatively small dataset
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Table 5.6: Statistical test results for various hypotheses, including test types, statistics,
and p-values. Significant p-values are highlighted in bold. * shows the ground truth results.
(EC) refers to the parameters obtained from the event camera.

Hyp. Measure Test Used Statistic P-Value
HO N-Back Avg. Accuracy Wilcoxon 6 <.001
H1 Avg. Heart Rate* Wilcoxon 150 .032
H2 Avg. Electrodermal Activity™ t-test 0.569 573
H3 Facial Action Units t-test 2.635 .012
H4a  Avg. Blink Frequency t-test 0.728 471
H4b  Avg. Gaze Angle Wilcoxon 231 548
Hb5a  Avg. Amplitude (EC) Wilcoxon 106 .002
H5b  Avg. Frequency (EC) Wilcoxon 261 963
H5c¢  Avg. Velocity (EC) Wilcoxon 106 .002
H6 Self-Reported (NASA TLX) t-test 6.438 <.001

size (128 instances) can make SVM models sensitive to hyperparameter selection
and kernel configuration. Second, the transformed feature space appears to favour
either linear decision boundaries (as indicated by Logistic Regression performance)
or ensemble-based partitioning strategies, whereas the SVM may have struggled
to identify an optimal margin under the chosen kernel and regularisation settings.
Additionally, ensemble methods such as Random Forest are inherently more robust
to feature correlations and small-sample variability, which may explain their superior
generalisation performance in this setting. Full results are summarised in Table 5.7.
Random Forest was selected as the final model for its high accuracy, robustness to
overfitting, and interpretability through feature importance rankings. Its relatively
low computational overhead also makes it suitable for future deployment in real-time

onboard classification on the robot platform.

5.10 Discussion and Future Work

This study demonstrates that a socially interactive robot can successfully estimate

human cognitive load using exclusively its onboard sensing capabilities, eliminating

146



5.10 Discussion and Future Work

the dependence on external perception systems or wearable devices during inference.
By autonomously delivering cognitive tasks and simultaneously capturing relevant
behavioural indicators through embedded cameras and audio interfaces, our robot-
centric framework confirms the viability of fully embedded cognitive state monitoring.
The high accuracy achieved through ensemble learning models further supports the
practical feasibility of robot-exclusive sensing in real-world human-robot interactions.

The behavioural indicators examined exhibited varying sensitivity depending on
the task conditions, highlighting important modality-specific considerations. Task
performance measures such as accuracy and reaction time consistently declined under
increased cognitive load, reinforcing their robustness as objective behavioural metrics.
Pose dynamics derived from the robot’s event camera emerged as particularly reliable,
consistently showing reduced movement amplitude and velocity under high cognitive
load conditions across both visual and auditory tasks 5.12. These pose-based findings
align closely with our earlier pilot study, reinforcing the utility of event-camera-based
posture analysis for cognitive load assessment. In contrast, gaze and facial action
unit (FAU) metrics showed task-dependent patterns, underscoring their sensitivity
to specific interaction contexts. Gaze angle differences were significant primarily in
visual tasks, reflecting direct visual engagement, whereas FAUs displayed clearer
differentiation in auditory contexts, possibly due to increased expressive responses
during verbal interactions. These modality-specific insights suggest future systems
may benefit from adaptive, task-aware feature selection mechanisms.

Physiological data, utilised solely as ground truth for validation, provided valuable
reference points without compromising the deployability or real-world applicability
of the robot’s embedded sensing system. This separation ensures that robot-derived
behavioural features alone are sufficient for accurate cognitive load classification,
enhancing the scalability and practicality of our approach for diverse application
areas such as education, healthcare, and collaborative workspaces. Although the
current classifier was trained and validated offline, the developed computational
framework readily supports real-time deployment, with both feature extraction and
classification algorithms optimised for onboard integration. Future research will thus

prioritise transitioning this cognitive monitoring system into a real-time, closed-loop
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Table 5.7: Performance Comparison of Classifiers Based on Accuracy and F1-Score Across
Cognitive Load Levels.

Classifiers AB | DT |LR |NB | SVM | RF
Accuracy 0.9410.89 | 094 | 0.89 | 0.73 | 0.97
Cognitive Load F'1-Score

Level AB | DT |LR | NB | SVM | RF
Low 0.9510.89 095|090 | 0.74 | 0.97
High 0.94 1090 | 0.94 | 0.89 | 0.72 | 0.97

adaptive framework. Such adaptation will enable robots not only to detect cognitive
states but also dynamically adjust their interaction strategies, such as modulating
instructional complexity or pacing interactions based on user cognitive demands.
Additionally, future studies should focus on expanding dataset diversity by in-
cluding a broader participant demographic and employing more complex, ecologically
valid tasks that mirror real-world demands. Transitioning toward continuous, sponta-
neous interactions instead of discrete, stimulus-driven tasks will further enhance the
robustness and generalizability of the cognitive load detection framework. Ultimately,
this line of research promises significant advancements towards genuinely adaptive,
cognitively aware robotic systems capable of seamless integration into everyday

human environments.

5.11 Summary

This chapter presented a multimodal approach to estimating cognitive load during
human-robot interaction, integrating physiological, behavioural, and task-based
indicators. A pilot study using event camera-based human pose estimation explored
how posture and movement respond to varying cognitive demands. Building on this,

the main study introduced a robot-centric framework that used embedded sensors:

OMuhammad Aitsam lead the project, designed the experiments, prepared the experimental
setup, and collected the datasets (Pilot Study: Capocaccia Workshop, Italy; Main Study: Sheffield
Hallam University). Dimitri Lacroix contributed to the experimental design and statistical analysis.
Gaurvi Goyal supported the human pose estimation model setup and data collection for the pilot
study. The studies were supervised by Chiara Bartolozzi and Alessandro Di Nuovo, who also
contributed to the study design and manuscript preparation. Ethical approval was obtained from
Bielefeld University and Sheffield Hallam University.
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event and RGB cameras, microphones, and display interfaces to administer tasks
and capture responses without external instrumentation. Features from gaze, facial
expressions, speech, pose, and task performance were extracted and used to train
machine learning models for cognitive load classification. The study demonstrated
the viability of onboard, multimodal sensing for cognitive state estimation, laying the
foundation for adaptive robotic systems capable of responding to human cognitive

states in real time.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

This thesis explored the integration of neuromorphic computing and event-based vi-
sion in interactive robotics, focusing on spiking neural networks (SNNs), event-driven
sensory processing, and their deployment on specialized neuromorphic hardware. A
systematic review of neuromorphic computing and vision provided a comprehensive
understanding of their role in enhancing robotic perception, cognition, and adapt-
ability. Through an in-depth analysis of SNN learning mechanisms, ANN-to-SNN
conversion methods, and real-time inference strategies, the research demonstrated
the feasibility of deploying neuromorphic models on SpiNNaker and similar plat-
forms. One of the fundamental contributions of this work is the implementation
of event-based vision techniques for robotic perception. Unlike conventional frame-
based vision, event-driven sensing enables robots to process dynamic environments
with minimal latency and power consumption. This was demonstrated through
practical applications such as real-time gesture recognition and machinery fault
detection using event-based frequency mapping (EBFM). Additionally, cognitive
load estimation was explored to optimise human-robot interaction (HRI), utilizing
multimodal approaches that combine event-camera-based human pose estimation
with physiological and behavioural indicators. These findings highlight the potential

of neuromorphic computing to enhance energy efficiency, real-time adaptability,
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and robustness in autonomous robotic systems. The research also addressed key

challenges associated with neuromorphic computing, including scalability, hardware

constraints, and the need for efficient data processing pipelines. By optimising SNN

inference on neuromorphic hardware, improving event-based vision frameworks, and

proposing novel cognitive load estimation methods, this thesis contributes to the

advancement of neuromorphic robotics. Overall, the work presented in this thesis

paves the way for biologically inspired, event-driven robotic systems that can operate

efficiently in real-world interactive environments.

Novelty & Impact

This dissertation can be used as a self-consistent neuromorphic cognition loop
that begins with asynchronous sensory events and ends with behaviour that
adapts to a human partner in real time. A unified algorithmic pipeline should
be able to converts raw event streams into sparse spike trains, routes them
through timing-precise spiking networks hosted entirely on-chip, and fuses
the resulting perceptual codes with physiological and behavioural cues to
infer the user’s cognitive state. The same spike domain is preserved from
sensor to actuator, eliminating frame reconstruction, clock-driven batching
and off-board post-processing. The loop therefore operates at microsecond
granularity while remaining within sub-watt power budgets. In three exemplar
tasks, gesture-based guidance, vibration fault diagnosis and cognitive-state-
aware interaction, the approach delivers state-of-the-art accuracy under lighting,
motion and latency constraints that disable conventional deep-learning systems.
By publishing open code, event datasets and hardware deployment scripts,
the work offers a reproducible scaffold that other researchers can extend
module by module, providing a practical blueprint for neuromorphic robots
that must perceive, decide and collaborate under the energy and timing limits

of real-world settings.
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6.2 Future Direction

While this thesis has contributed significantly to the integration of neuromorphic
computing and event-based vision in interactive robotics, several directions remain
open for future exploration to enhance the efficiency, adaptability, and real-world

deployment of these technologies.

6.2.1 Enhancing Neuromorphic Computing for Interactive

Robotics

In this thesis, we systematically reviewed and deployed spiking neural networks
(SNNs) for interactive robotics, focusing on real-time processing and energy efficiency.
However, one limitation is the reliance on a limited number of neuromorphic chips,
primarily SpiNNaker. Future research should explore the use of alternative neuro-
morphic hardware platforms, such as Intel’s Loihi 2, BrainScaleS, and TrueNorth, to
benchmark and optimise SNN models for different robotic applications. Additionally,
integrating neuromorphic chips directly with robotic platforms, rather than relying
on external processing, will reduce latency and improve real-time adaptability. Fur-
thermore, the work presented here primarily focused on neuromorphic computing
applications in a limited range of robotic functionalities, such as motor control
and decision-making. Future studies should expand on this by investigating how
neuromorphic processing can be applied to more complex cognitive functions, such
as long-term memory formation and autonomous decision-making in unstructured
environments. Conducting experiments with humanoid robots, rather than wheeled
robots, will further advance social neuromorphic robotics by enabling more natural

human-robot interactions.

6.2.2 Advancing ANN-to-SNIN Conversion and Training Tech-
niques

One of the contributions of this thesis was the systematic evaluation of ANN-to-SNN

conversion methods. However, the results showed that converted SNNs often suffer
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from lower accuracy compared to their ANN counterparts. Future work should
focus on improving conversion algorithms by preserving temporal dynamics and
optimising spike-based activation functions. Another important direction is to refine
neuromorphic learning algorithms to enable on-chip adaptation in real-time robotic
tasks. While this thesis examined various SNN learning mechanisms, such as rein-
forcement learning-based SNN training remains relatively an underexplored area that
could significantly enhance robotic adaptability. Future research should investigate
reinforcement learning techniques tailored for SNNs, enabling neuromorphic robots

to learn from experience without external supervision.

6.2.3 Improving Event-Based Vision for Robotics

This thesis demonstrated the advantages of event-based vision in gesture recognition
and industrial machines fault monitoring. However, several challenges remain in
making event-based vision more robust and adaptable for real-world applications.
One key limitation identified was the need for improved event-data processing
pipelines to handle varying lighting conditions and dynamic environments. Future
research should focus on integrating advanced deep learning models with event-based
vision to enhance feature extraction and classification accuracy. Additionally, the
proposed event-based gesture recognition system showed promising results but was
tested in controlled conditions. Future work should extend this system to operate
in unconstrained environments where variations in hand size, background noise,
and occlusion present significant challenges. Further, event-based visual SLAM
(Simultaneous Localization and Mapping) was identified as an area with great
potential but was not fully explored in this thesis. Future work should investigate
how event-based vision can be integrated with neuromorphic computing for real-time

SLAM applications in robotics.
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6.2.4 Expanding the Applications of Event-Based Frequency
Mapping (EBFM)

The event-based frequency mapping (EBFM) technique proposed in this thesis
demonstrated its effectiveness for real-time machinery fault detection. However,
one limitation was its sensitivity to environmental conditions such as flickering
lighting and vibrating surfaces. Future research should focus on making EBFM
more robust to such disturbances by incorporating machine learning techniques for
adaptive thresholding and feature extraction. While EBFM was applied to industrial
monitoring, its potential in other domains, such as biomedical signal analysis and
structural health monitoring, remains unexplored. Future work should investigate
how event-based frequency mapping can be adapted for use in medical diagnostics,

such as detecting neurological disorders through tremor analysis.

6.2.5 Optimisation and Benchmarking of Event-Data Pro-

cessing Pipelines

The event-data processing pipeline developed in this thesis has demonstrated strong
performance in handling various event-data formats. However, the field of event-
based vision is rapidly evolving, and several new frameworks, such as Prophesee’s
Metavision SDK 5 and iniVation’s DVXplorer SDK, have introduced advanced event-
processing techniques. Future research should conduct a comparative analysis of our
pipeline against these newer solutions to benchmark key performance metrics such

as accuracy, execution speed, and power efficiency.

6.2.6 Refining the Experimental Design for Cognitive Load

Estimation
This thesis introduced a novel approach to cognitive load estimation using event-
camera-based human pose analysis, but the study was conducted under controlled

conditions with a limited set of cognitive tasks. The Stroop task used in the experi-

ments primarily involved simple key presses, limiting its applicability in capturing
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complex motor-based cognitive load indicators. Future research should extend cog-
nitive load estimation to tasks requiring intricate hand movements, such as the
Rey-Osterrieth complex figure test or Luria’s fist-edge-palm task, to enhance the
granularity of cognitive state assessment. Additionally, increasing task duration and
complexity will provide deeper insights into cognitive load variations over time and
their impact on human-robot collaboration. To improve real-world applicability,
future work should explore naturalistic human-robot interactions and incorporate a
between-subject experimental design to capture inter-individual differences in cogni-
tive responses. Moreover, the current framework lacks real-time adaptive feedback,
which is crucial for dynamic interaction. Developing neuromorphic models that en-
able robots to adjust their behaviour based on detected cognitive load variations will
facilitate more personalized and context-aware interactions, particularly in assistive
robotics, education, and healthcare applications.

The future directions outlined above aim to address the limitations identified in
this thesis and expand its contributions to neuromorphic computing and event-based
vision in robotics. By improving neuromorphic learning mechanisms, optimising event-
based vision pipelines, refining cognitive load estimation methods, and enhancing
privacy-preserving neuromorphic Al, future research can drive the development of
more intelligent, efficient, and human-like robotic systems. These advancements
will help bridge the gap between biological and artificial intelligence, enabling next-

generation robotics with enhanced perception, cognition, and adaptability.
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Appendix A

A.1 Pattern Recognition Applications

Figure A.1 illustrates two distinct processes in neuromorphic and cognitive robotics.
On the left, it outlines the workflow for facial expression recognition using a Spiking
Neural Network (SNN) [250]. First, a raw facial image (labeled “a”) is transformed
by a Laplacian-of-Gaussian (LoG) filter to emphasize edges and contours before
generating a Poisson-based spike train (labeled “b”). The spike train moves through
a convolution layer to extract relevant features, which feed into an excitatory layer
(labeled “c”) that propagates essential signals forward. Simultaneously, an inhibitory
layer (labeled “d”) refines and regulates these signals, enhancing recognition accuracy
by suppressing redundant or competing neural responses.

On the right, the figure presents a three-phase cycle of instructed learning [355].
In the teaching phase (labeled “a”), the learner observes a demonstration of the target
action, effectively visualizing and understanding what needs to be done. The turn-
taking phase (labeled “b”) involves interpreting nonverbal cues from the teacher—such
as gestures or motion directions—to solidify the conceptual understanding of the
task. Lastly, in the trial phase (labeled “c”), the learner attempts to perform or
confirm the action independently, allowing for practice and potential feedback from
the instructor. This iterative process helps the learner refine its behaviour and skills

through repeated observation, engagement, and execution.
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aC

Teaching Turn-Taking .

Figure A.1: Left figure: represents the SNN workflow for facial expression recognition. a)
is a raw image b) image with LoG filter and Poisson spike train creation with convolution
layer. c¢) Excitatory layer. d) Inhibitory layer [250]. Right Figure: a) Teaching phase where
learner visualize the target action. b) In turn-taking phase, learner extract the nonverbal
information. ¢) In Trial phase. learner confirms the target action [355].

A.2 Motor Control Applications

Figure A.2 shows a high-level overview of the motion generation approach for
controlling pointing movements in a robotic arm. The motion generation layer
(on the left) produces circular activity patterns, which serve as the fundamental
“activation patterns” required for different primitives. A selective disinhibition
mechanism then determines which of these primitives is excited enough to execute.
Moving toward the center, the motor control layer consists of two key elements:
an arm base primitive, which governs basic pointing motions, and arm correction
primitives, which fine-tune the trajectory when the robot aligns its arm with a
designated target. Finally, the system uses the relative distance between the robot’s
base point and the target location to activate the appropriate correction primitive.
The resulting commands, shown on the right, are transmitted to the robot’s actuators
to produce precise, real-time pointing actions [364].

Figure A.3 depicts the end-to-end communication flow between a Brain-Computer
Interface (BCI) and the Hexapod robot’s locomotion system. First, EEG signals are
collected via the Emotive Epoc headset and passed to a signal acquisition module,
which provides a stable data stream for further processing. Next, the iQSA (improved
Quaternion-based Signal Analysis) module analyzes the EEG signals to interpret
intended movements or commands. Those results are then sent over Bluetooth to

the Hexapod robot’s bioinspired locomotion module, which executes the actions.
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Figure A.2: Brief block diagram of the motion generation approach. It contains three
major components: first, the motion generation layer produces circular activity that creates
activation patterns for primitives. Second, the motor control layer has arm base primitive
and arm correction primitives for pointing motion and to point to target, respectively.
Third, the target layer takes the relative distance between target and base point for selective
excitation to activate the correction primitives [364].

Signal Aquisition EEG Bluetooth Bioinspired Robot
Emotive Epoc Headset d N > iQSA Module > p.
Module > locomotion module

Figure A.3: Communication architecture between the Brain-Computer Interface (BCI)
and the Hexapod robot. The EEG signals are acquired through the Emotive Epos headset.
This is then transferred to the iQSA module to determine robot movements. Finally,
commands are given to the robot locomotion module via Bluetooth [35].

This architecture enables real-time, brain-controlled navigation of the robot by
continuously translating EEG-based user intentions into locomotion commands [35].

Figure A.4 illustrates a high-level architecture integrating both perceptual and
action systems. On the left, the perceptual system acquires environmental infor-
mation through devices such as a camera and laser scanner, which feed into an
environmental feature extraction module. Simultaneously, an eye-tracker monitors
the operator’s gaze, and a self-organized spiking neural network (SNN) processes
these inputs to extract key perceptual cues. On the right, the action system relies on
behavioural feature extraction (informed by signals from a mattress sensor) and a
motor control module, which together define how the robot will move or respond. A
central SNN-based spatio-temporal modeling module serves as the system’s decision
core, translating perceptual data into commands for motor control. This setup
completes the perception-action cycle, ensuring that environmental and operator
inputs continuously inform the robot’s behaviour while the robot’s actions, in turn,

shape the ongoing perception of its surroundings [283].
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Figure A.4: The summarised system architecture of the system. It has two major parts:
1) the perceptual system, where the information of environmental map find a use to detect
the space where a robot can move around. Moreover, the self-organized neural network
is utilized to extract perceptual information. 2) the action system, behavioural features
in teleoperating are extracted and commands are given to motor control. Based on the
perception-action cycle, SNN is used for spatio-temporal modelling [283].
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Figure A.5: The network for real-time mapping with Loihi chip. Here robot and LiDAR
are providing inputs to the SNN for mapping [356]. b) The basic block diagram of the
prosthetic control through a Brain-Computer Interface (BCI). As shown, the brain provides
the EEG signals to the proposed FeNeuCube framework which, in turn, gives instructions
to the controller. Finally, the controller forwards the control command to prosthetic hand
[211].
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The Figure A.5 illustrates a network for real-time mapping using the Loihi
neuromorphic chip. It integrates sensory inputs from a robot’s odometry and LiDAR
observations, which are fed into a Spiking Neural Network (SNN). Within the SNN,
heterosynaptic Spike-Timing Dependent Plasticity (STDP) and sensory neurons
process the incoming data, ultimately activating the mapping neurons responsible
for constructing a spatial map of the environment. In this setup, EEG signals from
the brain are interpreted by the FeNeuCube framework to generate instructions for
a controller, which then sends control commands to a prosthetic hand, enabling

intuitive neural control [211].
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Appendix B

B.1 Object Tracking with SpiNNaker

This appendix describes the implementation of a real-time object tracking system
using the SpiNNaker neuromorphic platform, interfacing with a C++ vision module

that streams event-based data over ZeroMQ.

Implementation Overview

The Python script multi_target_tracking.py is responsible for receiving object
positions, encoding them into neuron spikes, and sending them to SpiNNaker for

processing. Key components include:

e Grid and Environment Configuration:

— width = 640, height = 480 (pixels)

— grid_spacing = 20 = 32 columns X 24 rows = 768 neurons

e Neural Model Parameters: The IF_curr_exp neuron model is used with

the following configuration:

cell params = {
’em’: 0.25, ’tau m’: 20.0, ’tau_refrac’: 2.0,
’tau_syn_E’: 5.0, ’v_rest’: -65.0,

’v_thresh’: -50.0, ’v_reset’: -70.0
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B.1 Object Tracking with SpiNNaker

« Simulation Parameters:

— run_time = 10000 ms
— weight_to_spike = 2.0

« Live Spiking Interface: Real-time spiking is handled using SpynnakerLiveSpikesConne

with callbacks set for spike injection.

« Data Source (C++ Attention Mechanism): Events are received via ZMQ
from a C++ module using the Metavision SDK. Key parameters:
— SPATIAL BIN SIZE = 2, TEMPORAL_BIN SIZE = 10000
— MAX OBJECTS = 2, DISTANCE THRESHOLD = 50.0

— Basic Kalman prediction with a fixed offset
e Logging and Analysis:

— Each target logs to a CSV file (e.g., target_0.csv)

— Tracking error is computed using Manhattan distance between predicted

and actual neuron positions

— Post-simulation analysis includes average error and stability (standard

deviation in grid indices)

Performance Summary

The average tracking error and per-target spatial stability are printed after the
simulation concludes. These metrics are useful for evaluating the reliability of neural

population-based tracking in a dynamic environment.
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Appendix C

C.1 EB-handGesture Dataset Overview

The EB-handGesture dataset is a custom event-based dataset curated to evaluate
hand gesture recognition using neuromorphic vision. It captures temporal dynamics

of hand movements using event-driven data rather than conventional video frames.

Dataset Specifications

» Sensor: CenturyArk SilkyCam VGA Event Camera (resolution: 640x480)
e Gestures: 6 distinct hand gestures:
— wave, point, rock, scissor, clap, armroll
e Subjects: 5 individuals performed all gestures
o Lighting Conditions: Both low-light and normal-light environments
e Gesture Duration: Approximately 0.5 seconds per instance

o Total Instances: 9000 event sequences

Event Stream Format

Each gesture instance is recorded as a stream of asynchronous events in the form

(z,y,t,p):
o 1,y — spatial pixel coordinates (range: 0-639, 0-479)

163



C.1 EB-handGesture Dataset Overview

e t — timestamp in microseconds

« p — polarity of the event (ON/OFF)

Visualization

Figure C.1 illustrates example visualizations of event-based hand gestures, generated

&'

Figure C.1: Sample gestures from the EB-handGesture dataset visualized via event
accumulation.

by accumulating polarity events over short time windows.

Standard
Camera

Event
Camera

This dataset serves as a benchmark for assessing gesture classification models

under neuromorphic sensing conditions, including low-light environments and variable
subject performance.
Recognition Results

Figure C.2 presents the performance of the gesture recognition system evaluated
on the EB-handGesture dataset. The plot illustrates recognition accuracy across

different gesture classes and possibly under varying lighting or model conditions.
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Figure C.2: Recognition accuracy of the proposed model across different hand gestures.
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Appendix D

D.1 Stroop Task Visual Stimuli and Metrics

Visual Stimuli

The Stroop task utilized in this study followed a classic interference paradigm [249].
Participants viewed colour words (e.g., red, blue, green, yellow) on the robot’s
display screen, where the ink colour could either match (congruent) or mismatch
(incongruent) the word. The task was programmed using the PsychoPy framework

[391] and included:

Low Cognitive Load (LL): 80% congruent trials

High Cognitive Load (HL): 80% incongruent trials

Response Modality: Verbal response by naming the ink colour

Trial Count: 25 per condition, randomized order

This setup induced varying cognitive demands while preserving natural interaction

via verbal input.

Quantitative Comparison

Figure D.1 presents a quantitative comparison of movement-based metrics during
the Stroop task across the high and low cognitive load conditions.

The bar charts show that:
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Figure D.1: Comparison of average amplitude, frequency, and velocity metrics between
high (HL) and low (LL) cognitive load conditions during the Stroop task.

o Amplitude: Higher under high cognitive load, suggesting exaggerated move-

ment or variability.

e Frequency: Increased in the HL condition, possibly reflecting restlessness or

hesitation.

e Velocity: Notably elevated during HL trials, indicative of greater physical or

cognitive engagement.

D.2 Auditory Stimuli: N-back Task

This appendix expands on the auditory-based cognitive task described in the Chapter
5, focusing on the implementation and evaluation of the N-back test using spoken

digits.

Auditory Stimuli

The N-back task is a cognitive load paradigm widely used to evaluate working
memory performance [282, 257]. In our experiment, participants listened to digit
sequences and responded verbally when a digit matched one presented “N” steps

earlier:

« Low Load (1-back): Respond “yes” if the current digit matches the one

immediately before.
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« High Load (2-back): Respond “yes” if the current digit matches the one two

steps earlier.

Each condition consisted of:

e 50 trials with 1-second intervals between digits

» 2 practice sessions per condition (with feedback)

e No feedback during the main phase to ensure unbiased results

Verbal responses were captured using the OpenAl Whisper speech-to-text

engine [151], ensuring high transcription accuracy in real-time. Manual verification

was performed for all trials against recorded audio logs.

Task Accuracy and Cognitive Load Ratings

Figure D.2 presents the auditory task performance and corresponding subjective

workload assessments:

o Top: Percentage accuracy in low vs. high cognitive load conditions.

o Bottom: Self-reported workload based on NASA-TLX ratings.
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Figure D.2: Top: Auditory task accuracy under low and high load conditions. Bottom:

High CL

Subjective cognitive load ratings (NASA TLX).

The results demonstrate decreased accuracy and higher self-reported load in the

2-back condition, validating the effectiveness of cognitive load manipulation.
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D.2 Auditory Stimuli: N-back Task

Behavioural Movement Metrics

Figure D.3 illustrates behavioural metrics—amplitude, frequency, and velocity—recorded

during the auditory task.

o Amplitude: Higher in high-load conditions, potentially due to increased

expressiveness or effort.

o Frequency: Elevated during 2-back trials, indicating increased gestural/motor

activity.

e Velocity: Also higher under high load, reflecting more dynamic physical

respomnses.
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Figure D.3: Comparison of amplitude, frequency, and velocity during low and high load
auditory tasks.

These multimodal indicators support the interpretation that greater cognitive
demands in the 2-back condition are reflected not only in performance accuracy but

also in behavioural cues.
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