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Abstract

The domain of Neuromorphic Computing applies models and concepts from
neuroscience, emulating the computational behaviours observed in biological
neurons through the medium of spiking neural networks, and applying them to
engineering tasks. In recent years, Neuromorphic Computing has seen rapid
growth, with applications that have transitioned from lab-based testing and
simulation, to real-world scenarios. Navigation tasks are the subject of extensive
and varied research due to the variety of implementations afforded by sensor
fusion and the range of possible solutions, e.g. Simultaneous Localisation and
Mapping (SLAM), Visual Inertial Odometry (VIO), visual place recognition.
An entirely event-based system capable of performing VIO on real-world data
has yet to be proposed. Here, we combine event cameras with spiking neural
networks to perform localisation tasks on complex real-world driving data,
creating a spike-based representation of position and orientation. We show how
navigation-oriented neural networks that have been observed in the mammalian
brain, such as head direction, grid, and place cells, can be adapted to track
both orientation and position in real-world driving scenarios through inertial
signals. It is also shown that stereo event-based visual place recognition can
be combined with inertial integration for loop closure, providing a robust
solution that corrects accumulated errors. These results show the viability of
a system that can take advantage of the asynchronous, low-power benefits of
neuromorphic processing in an end-to-end fashion by maintaining sparse event
encoding from the event camera input to the spiking neural network outputs.
It is anticipated that neuromorphic navigation systems can provide an optimal
solution for applications where low latency and low power are constraints,
such as autonomous robotics. This work should be expanded upon with the
development of more complex visual place recognition spiking neural networks,
refinement of the spatial network behaviours, and with increased dimensionality
to allow flying agents to also be tracked accurately through 3D space.
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Chapter 1

Introduction

This thesis investigates a neuromorphic approach to localisation that operates
entirely on events, from the sensing inputs to the localisation signals at the
output. The system operates using a series of networks that take inspiration
from the mammalian navigation system, emulating head direction, grid cell,
and place cell activity to integrate inertial cues to track direction and position.
Additionally, these networks are paired with a stereo event-based visual place
recognition network that provides loop closure by triggering reset signals when
known scenes are encountered. The testing and development of the system
has been done using a real-world driving dataset recorded with event cameras,
providing insight into whether such a system is viable. By maintaining the
asynchronous, sparse, event-based representation throughout, the work demon-
strates how bio-inspired networks can be translated into practical localisation
systems driving tasks and this can be extended to robotics and other navigation
scenarios.

This chapter serves to introduce the technologies and concepts that con-
tribute to the system, without reviewing specific implementations (for this,
see Chapter 2). Initially Spiking Neural Network (SNN)s are introduced, with
some crossover to the more widely known Artificial Neural Network (ANN)s.
Next, this is built on by introducing the subject of Neuromorphic Computing.
Following this, different approaches to navigation tasks are discussed, based
on what is tracked, recorded, and mapped. Finally, we introduce the system
proposed in this work and detail the structure of the remainder of this thesis.

1.1 (Spiking) Neural Networks

As technology has advanced, the terms artificial intelligence and machine
learning have become prevalent throughout everyday life, with all the largest
companies utilising these technologies in some manner. However, they are
extremely general catch-all terms that often refer to the implementation of
Artificial Neural Network (ANN). These are a form of neural network that
has seen broad use due to the development of effective learning methods but
operates in a way that is greatly abstracted from biological neural networks
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[1], [2]. A form of neural network which is currently less commonly used, but
is truer to its biological counterpart is Spiking Neural Network (SNN) [3]. In
SNNs, the data is encoded and transmitted in the form of spikes, also known
as events or firing, in a way that emulates the behaviours of biological neurons
[4].

The lack of abundance of SNNs can be attributed to the challenge of
implementing effective learning algorithms for these models, due to the nature
of their information encoding and operation [5]. Despite this, SNNs have been
described as the third generation of neural networks [6], with ANNs being their
predecessor. This is due to the beneficial properties of spike encoding and
spiking neuron operation [7], which has led to their ubiquity for computation
in biology, in the form of the nervous system.

The primary advantages of SNNs are low power operation [8] and minimal
latency [9] due to sparse, asynchronous representation [10]. Spiking neurons
are extremely power efficient relative to artificial neurons as power must only
be drawn for the duration of a spike, resulting in a finite number of short power
draws compared to the continuous load required for an artificial neuron’s output
to be maintained; see Figure 1.1. This occurs because the neuron performs
temporal integration on incoming spikes, resulting in asynchronous, sparse
outputs, unlike the continuous output of an artificial neuron. Latency is also
minimised in the response time of SNNs due to the asynchronous operation of
spiking neuron models. Beyond the intrinsic properties of SNNs, spike coding
schemes can also reduce the delays caused by information propagating through
a network, certain schemes able to operate on the timing of a single spike [11];
a biological example is reflex reactions. Finally, the density of information
conveyed through spikes can exceed that of an analogue signal due to the
variety of encoding mechanisms, with rate codes (see Section 1.1.4.1) analogous
to analogue values. These advantages continue to be exploited as more efficient
computing platforms are introduced [12]; new coding schemes are implemented
[7], [13]; and more effective learning algorithms are developed [14], [15].

Initially SNNs were used as a tool to model biological neural networks by the
computational neuroscience community [16]. More recently, the Neuromorphic
Computing community has developed from the initial work of Carver Mead
[17], employing SNNs as a computing paradigm for engineering tasks.

With an application-driven approach, the neuromorphic community has
progressed by producing an alternate computing paradigm [18], [19] by mimick-
ing biological neuron mechanisms through hardware, with prominent examples
being Loihi [20], TrueNorth [21], and SpiNNaker [22]. In addition to developing
computing platforms, there have also been many contributions to improving
learning algorithms for SNNs [14], [15], [23], both biologically plausible [24]
and implausible [25]. Frequently, the ability of biological neural networks
surpasses that of their neuromorphic counterpart [26], [27], [28] and, as such,
offers a strong basis for inspiration. In addition to improving the capabilities of
networks, there has also been a continued growth of applications for SNNs [29].

Given the derivation of SNNs from biological neurons, the basis of biolo-
gical computation is introduced below. This is followed by a more in depth
introduction to Neuromorphic Computing, and Navigation, before they are
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Figure 1.1: A comparison of Artificial Neural Network (a) and Spiking Neural
Network (b) processing from input to output at the neuron level.

expanded upon in the next Chapter 2. Due to the complexity of the central
nervous system and it’s subsystems, there is considerably more depth than can
be detailed here, and indeed than we are aware of. As such, further reading
from a cognitive neuroscience perspective can be obtained from [1], [30], and,
with a more relevant focus, for this project, on computational neuroscience
from [31].

1.1.1 The Neuron

Neurons are a class of cell that are specialised for signal processing [7], [32],
see Figure 1.2. At an individual level neurons operate by receiving an input,
performing basic processing, and potentially giving an output based on it’s
state and the input. Despite the simplicity of a single neuron’s operation,
just a small number of interconnected neurons can exhibit complex behaviour
due to the abstraction that occurs as a signal propagates through a network.
Information can be represented across a network with different areas responding
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Figure 1.2: The regions and direction of travel for activity in a biological
neuron.

to different stimuli, creating a low-level representation of the input. Together,
multiple low-level representations of information can conjunctively stimulate
other areas of the network, creating a higher-level abstraction resulting from
the information propagating from multiple sources through specialist networks.

A neuron consists primarily of three distinct regions, dendrites, soma, and
axon; the dendrites and axon together are called neurites. When a neuron
receives incoming spikes and is stimulated sufficiently to produce a spike itself,
the incoming spikes are received in the dendrites, pass through the soma, and
the outgoing spike is transmitted along the axon, to be output to connected
neurons.

Dendrites form tree-like structures that extend from the soma to make
incoming connections with a Presynaptic neuron. The sites at which dendrites
receive an input are spines and are located across the length of the dendrite
trees. The soma is an alternative name for the cell body of a neuron and
therefore contains the typical organelles of a cell, such as the nucleus and
mitochondria, suspended in cytoplasm consisting predominantly of potassium
(KT), sodium (Na'), chlorine (C17), and calcium (Ca™) ions. In contrast to
the many dendrites that branch from the soma to receive inputs, each neuron
only has a single axon to transmit outgoing signals; however, multiple pathways
branch from the axon, known as axon collaterals.

1.1.1.1 Synapses

The Synapse is the point at which an axon collateral interacts with a dendritic
spine for the passing of signals either between neurons, see Figure 1.3, or in
the case of a cyclical connection, from a neuron’s output to its own input.
As a result of this naming, the neuron giving the output, i.e. coming before
the Synapse in the network, is called the Presynaptic neuron, and the neuron
receiving the input, i.e. following the Synapse in the network, is called the
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Presynaptic Neuron Postsynaptic Neuron

Figure 1.3: The Synapse. The point where neurons transmit data.

Postsynaptic neuron.

Despite the simplicity of the concept of Synapses, they form an important
part of the complexity of a neural network. Not only can the signal be passed
via different methods, either electrically or chemically, depending upon the
Synapse, but they also give the polarity of a connection between neurons.
Connections within a neural network are predominantly excitatory, causing
an increase in Postsynaptic Membrane Potential, but some can be inhibitory,
causing a decrease in Postsynaptic Membrane Potential. This increases the
potential complexity of the networks, allowing more complex dynamics to
occur. The distribution of excitatory to inhibitory synaptic connections can
vary depending on the type of neuron, which dictates its function, with values
ranging from approximately 5-30% of the connections being inhibitory [33],
[34].

1.1.1.2 Neuronal Dynamics

Information propagates through biological neural networks in the form of
spikes; however, neurons do not simply repeat incoming spikes, and spikes
travelling within a neuron experience a loss in strength. Therefore, there are
internal processes performed by the neuron that create spikes and maintain
their signal strength through regenerative mechanisms as they propagate along
the axon. These signals are measured as an electrical potential across the
neuronal membrane caused by differences in concentrations of the ions held in
the intracellular cytoplasm and the ions found in the extracellular fluid. The
processes involved in a biological neuron spike are described below and show
in Figure 1.4.

Although most of the neuronal membrane is impermeable to the cytoplasm
and extracellular fluid, to enable changes in the Membrane Potential, the
membrane is bridged by many transmembrane proteins. The transmembrane
proteins perform one of two roles, acting as an ion pump or as an ion channel.
Ton pumps actively and selectively transfer ions against the concentration
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Figure 1.4: The order of processes that a biological neuron undergoes in
triggering an outgoing spike.

gradient and consume energy to do so. Ion channels allow the flow of select
ions through the neuronal membrane at a rate dictated by the permeability
of the channel. The permeability of the ion channels throughout the neuronal
membrane can be changed on the basis of factors such as transmembrane
voltage and chemical or physical stimuli, making them gated ion channels.
The neuronal membrane offers the highest permeability to K* ions because
the membrane features more KT selective channels, relative to the other ion
channels. With the neuron in its resting state, the concentration of KV is
higher within the neuron, while the concentrations of Na* and CI- are higher
externally.

A negative resting Membrane Potential occurs because the membrane is
more permeable to KT than to Na™. When combined with the higher internal
concentration of K*, the result is a flow of positive ions that leave the neuron
creating a negative Membrane Potential. This negative Membrane Potential
gives an electrical gradient in the opposite direction to the concentration
gradient, allowing an equilibrium to form, which results in a resting Membrane
Potential of approximately -70mV for a typical neuron.

For a neuron to transmit a spike, its Membrane Potential must exceed a
threshold. For this to occur, the neuron must first be stimulated at its incoming
Synapses, resulting in the opening of the ion channels in the dendrite. This
opening causes an influx of ions that will be passively conducted through the
neuron, known as an excitatory Postsynaptic potential. Following the excitatory
Postsynaptic potential being conducted to the spike-triggering zone in the axon
hillock (where the axon emerges from the soma), if the Membrane Potential
exceeds the threshold, the Na®™ gated ion channels will open, causing an influx
of Nat ions. Na™ ions will flow rapidly through the channel because they travel
down both the electrical and concentration gradients. Once the Membrane
Potential has undergone depolarization due to the influx of positive Na™ ions, a
threshold will be reached causing the KT gated ion channels to open, allowing
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K ions to flow out of the neuron down the concentration gradient. The outflow
of K¥ ions reduces the Membrane Potential and, combined with the closing of
Nat channels, causes the Membrane Potential to repolarize and drop below
the resting Membrane Potential. This decreased Membrane Potential triggers
the closure of the K™ channels, at which point the channels have returned to
their initial states. As a result, the neuron will slowly return to its resting
Membrane Potential with the ions returning to their original concentrations.
This has also been explained diagrammatically in Figure 1.4

As the Membrane Potential increases with the incoming spikes, the ions react
linearly to their respective concentration, and electrical gradients, resulting
in the response to a spike being a logarithmic increase in the Membrane
Potential. Due to the same passive mechanisms, when the Membrane Potential
is above the resting potential but is not actively stimulated, it undergoes an
exponential decay. In contrast to this passive sub-threshold behaviour, once
the threshold is reached and triggers the active mechanism of opening the ion
channels, the Membrane Potential will always produce a spiking output, giving
an all-or-nothing behaviour [35]. These behaviours are shown in Figure 1.5
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Figure 1.5: The resting, sub-threshold, spiking, and repolarization behaviour
seen in a spiking neurons response.

1.1.2 Neuron Models

Mathematical models for neurons have been present in the literature for many
decades, with early prominent work by Hodgkin and Huxley [35], McCulloch
and Pitts [36], and Lapique [37]. The first model of a biological neuron is
attributed to McCulloch and Pitts [36], [38].

The McCulloch and Pitts neuron operates by summing all input signals
with the Membrane Potential until a threshold was reached, at which point an
all-or-nothing binary output was given and the membrane voltage was reset [36].
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As a result of the all-or-nothing nature of the output, data cannot be encoded
in the form of the outgoing signal; only its timing and a lack of leakage when
summing inputs synchronises incoming data, eliminating temporal information
stored through asynchronicity. Therefore, in comparison to modern neuron
models, the ability of the signal to carry data was severely limited. Due to
data transmission limitations, the McCulloch and Pitts neuron was superseded
by Analogue Neuron models.

Unlike the McCulloch and Pitts neuron, analogue neurons have been optim-
ised for computation and do not replicate biological signals. As such analogue
neurons do not have a standardised output, but instead apply an activation
function such as Rectified Linear Unit (ReLU), Gaussian Error Linear Unit,
or a Sigmoid function; see Figure 1.6. This results in better data processing,
making them a widely used tool in many industries. Due to the focus of this
work on SNNs, for a more in depth understanding of ANNs see [39).

Activation Functions

2.04 = Sigmoid
RelLU
= GELU
1.51
1.0+
X
=
0.5
0.0
T T T T T T T T T
=2.0 -1.5 -1.0 -0.5 0.0 0.5 1.0 15 2.0

Figure 1.6: Examples of analogue neuron activation functions

Here we introduce the Hodgkin Huxley, and Leaky Integrate and Fire
(LIF) spiking neuron models as these are the most relevant to this work,
occupying opposite ends of the spectrum. The Hodgkin Huxley model features
a set of equations derived empirically to accurately represent biological neuron
behaviours, while the LIF model is optimised for computational efficiency, and
therefore widely used. For in depth reviews of spiking neuron models that
introduce spiking behaviour, and cover a greater range of models, see the works
of Gerstner [40]and Izhikevich [41].
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1.1.2.1 Hodgkin Huxley Model

The Hodgkin Huxley model aims to accurately replicate the internal mechanisms
by which a biological neuron operates, based on experiments performed on
a giant axon of a squid [35]. As such, the following equations serve as a
mathematical description of the processes described in Section 1.1.1.2; see
Table 1.1 for parameter details.

Table 1.1: This table gives the variables and constants adjusted by Hodgkin
and Huxley for the data which they observed from the giant axon of the squid
using a resting potential of 0V; the resting potential is now accepted to be
—0.065V. To offset the resting potential the reversal potentials must also offset.

Description Symbol | Value Units
Firing rate v n/a Hz
Time period between spikes T n/a S
Time t n/a

Input current 1 n/a mA
Capacitive part of the input cur- Ie n/a mA
rent

Part of the input current which I n/a mA
passes through the ion channels k

Capacitance of the capacitor c n/a P
(membrane)

Charge of the capacitor (mem- ) n/a C
brane)

Voltage across the capacitor u n/a vV
(membrane)

Resistance of an unspecified leak- R n/a Q
age channel

Sodium ion channel gating vari- m n/a n/a
able

Sodium ion channel gating vari- h n/a n/a
able

Pot.assmm ion channel gating n n/a n/a
variable

Derivative of m with respect to ¢ | m n/a n/a
Derivative of h with respect to ¢t | h n/a n/a
Derivative of n with respect to t | n n/a n/a
Asymptotm value given by m mo n/a n/a
equation

Asymptotu: value given by h ho n/a n/a
equation

Asym.ptotlc value given by n o n/a n/a
equation
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Time constant given by m equa-
tion & Y d Tm n/a n/a
Time constant given by h equa-
tion & v hed Th n/a n/a
Time constant given by n equa-
tion g yned T n/a n/a
Sodium ion reversal potential Eng 115 mV
Potassium ion reversal potential | Ex —12 mV
Unspecified leakage channel re-
versal potential Er 10.6 mV
Conductance of the Sodium ion 120 mS
channel if open INa cm?
Conductance of the Potassium 36 mS
ion channel if open 9K cm?
Conductance of an unspecific 0.3 mS
leakage channe 9L ' em?
An empirical function of u with (2.5—0.1u)
respect to m Qm (e(25=0-Tw) 1) n/a
An empirical function of v with (0.1—0.01u) /
respect to n On (01w 1) n/a
An empirical function of v with —u
respectpto h h 0.07e(=) n/a
An empirical function of u with —u
respectpto m Brm 0.125¢(50) n/a
An empirical function of u with —u
respect to n B 4e(3) n/a
An empirical function of v with 3 1 n/
respect to h h (e(3-0-1u) +1) a
By definition
1
C= % (1.2)
du
Ic =C— 1.3
c=0Co (1.3)
1

to Kirchhoff’s first law

I(t) =Ic(t) + > Ii(t)
k

By combining (1.3) and (1.5) it is also evident that

du
CE =I(t) - Xk:lk(t)

The sum of all the input currents is equal to the total input current according

(1.5)

(1.6)
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The conductance of a channel multiplied by the voltage across it gives the
current which can flow through it. This must also be combined with the gating
variable to determine the probability that it is open to allow the current to flow.
This can be summed across the three ion channels to give the total current
passing through the ion channels, as described by

> I = gnam®h(u — Ena) + gxn*(u — Ex) + gr(u—Er)  (1.7)
k

The gating variables m, n, and h are described by the differential equations

m = am(u)(1—m)— Bn(u)ym= me1<u) [m —mo(u)] (1.8)
n=ay(u)(l—n)— G (u)n= antu) [n —no(u)) (1.9)
b= an(u)(1 = ) — Bu(u)h = —Thtu) [ — ho(u)] (1.10)
where J

=2 (1.11)

. dn
n= (1.12)

. dh
h=— (1.13)

When the voltage v is fixed, m tends towards mg according to the time constant
Tm; 1 tends towards ng according to the time constant 7,; and h tends towards
ho according to the time constant 73,. Giving

_ am ()

mo(u) = (o) + B () (1.14)

R )
100 = ) + B 119

_ o)
"0 = fonu) + A (1.16)
T (1) = [ () + B (u)] 7! (1.17)
T (w) = o (u) + Bn(u)] (1.18)
n(w) = [on(u) + Bu(u)) ™! (1.19)
According to egs. (1.14) to (1.16), as the membrane voltage u increases,

so do mg and ng, while hg decreases. An increased membrane voltage causes
the sodium channels to open, allowing an influx of positive ions, which if
sufficiently large causes an action potential. In the case of an action potential,
when the membrane voltage u becomes extremely high, the decrease in hg
causes the sodium ion channels to close; however, this is delayed due to 7y
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being greater than 7, meaning a slower reaction. Similarly to 73, 7, is also
larger and therefore slower to react, which means that when the sodium ion
channels begin to close, the potassium ion channels begin to open, causing an
outflow of positive ions to drive down u. This results in an undershoot of the
resting potential, with u becoming more negative; however, this causes the ion
channels to return to their non-spiking states allowing the neuron to return to
its equilibrium, known as its resting state. An equivalent circuit diagram of
the Hodgkin-Huxley neuron can be seen in Figure 1.7.

Extracellular

INat ¢ IK+$ ILeakf

ENa+ 8K+ §gLeak _ Cm

Ena+ | Ex T Epcas

Intracellular

Figure 1.7: Given that the neuronal dynamics observed by Hodgkin and Huxley
are changes in electrical potentials, the model can also be represented by the
circuit diagram shown here.

1.1.2.2 Leaky Integrate-and-Fire (LIF) Model

Due to the usefulness of SNNs for computation, many simplified mathematical
models of neurons have been proposed. They aim to replicate the behaviours
exhibited by the Hodgkin Huxley neuron with a reduced number of floating
point operations (flops), thus achieving greater computational efficiency. The
most commonly used and one of the simplest spiking neuron models is the
leaky integrate and fire (LIF') model.

Despite its wide usage for SNNs nowadays, the origins of the equations
behind the LIF neuron were first derived from experiments on nerves [37].
The following equations are taken from Gerstner [40], the original work being
attributed to Lapique [37] and translated here [42], [43]. For parameter details,
see Table 1.2.
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Table 1.2: This table gives the variables and constants calculated to implement

the Leaky Integrate and Fire (LIF) neuron model.

Description Symbol
Time t
Membrane Potential U
Membrane time constant Tm
Spike threshold Membrane Potential | uipresh
Membrane Potential reset value Uy
Membrane resting potential Urest
Input current I
Capacitive part of the input current Ic
Resistive part of the input current Ir
Membrane capacitance C
Charge of the capacitor Q
Membrane resistance R
Absolute refractory period Aabs
Time period between spikes T
Spike frequency v
Time step k
By definition "
u(t
Ir = =
c_@
U
du
Ic=C T
and according to Kirchoff’s Law
Ity=Ir+ Ic
We can define
Tm = RC

Therefore, by combining (1.20), (1.21), and (1.23)

1) = “0 4 o

R dt
By multiplying everything in (1.25) by R we get
du
m— = —u(t) + RI(t
T = —u(t) + RI(1

(1.20)
(1.21)

(1.22)

(1.23)

(1.24)

(1.25)

(1.26)

Whether a spike is emitted at time ¢* = x4 is then determined according to

u(tk) < Uthresh and u(tk-i-l) > Uthresh

(1.27)
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resulting in
u(t) =u, for t*<t<t* AW (1.28)

Having defined the behaviour of the model and given the conditions which
trigger an output spike it is also useful to derive inter-spike interval and therefore
the spike rate. According to (1.24), if we integrate (1.26) with respect to ¢, for
a constant input current I(t) = Iy we get

u(t) = RIy {1 — exp (—t — t(l))] (1.29)

Tm

where t(!) is the time of the last spike after which u reset according to u, = 0.
According to (1.29) as t — 0o, u(00) = Rl so RIy > uspresn for further spiking
to occur. This means

$(2) _¢(D)
Uthresh = RIO |:1 — exrp <):| (130)

Tm

with t(2) being the timing of the second spike. According to this statement
T =t — () So when including the absolute refractory period

RI

T = Tpln———"—— + A 1.31
RIO — Uthresh ( )
meaning
RI, -1

v= A 4+ Tln——— 1.32
RIO — Uthresh ( )

since 1
= = 1.33
v= (1.33)

The LIF neuron model, mathematically described above, is equivalent to a
simple RC circuit, where the membrane capacitance C represents the ability
of the membrane to integrate incoming currents and the membrane resistance
R models the leak of charge through ion channels. The Membrane Potential
corresponds to the voltage across the capacitor, which rises as current is injected
and decays exponentially towards the resting potential when no input is present.
This provides an intuitive physical interpretation of the LIF dynamics, where
the charging and discharging behaviour of the RC circuit mirrors the integration
and leakage processes of a biological neuron; see Figure 1.8.

Given that the purpose of the LIF neuron is to replicate the behaviour of the
Hodgkin Huxley neuron, with lower computational overheads, the behaviour
should be compared. The LIF model represents neuronal behaviour with a
simplified circuit, where the Membrane Potential integrates incoming current
until it exceeds a threshold, at which point a spike is emitted and the potential is
reset. This captures the essential temporal integration and threshold behaviour
with low computational cost. In contrast, the Hodgkin Huxley model provides
a detailed description of action potential generation by explicitly modelling
the dynamics of ion channels through differential equations. This enables it
to reproduce the complete range of spiking behaviours, including refractory
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rest

Figure 1.8: An equivalent circuit diagram to the LIF neuron model.

periods, bursting, and frequency adaptation, which the LIF model cannot
capture. However, this comes at significant computational expense, making the
Hodgkin Huxley model less practical for neuromorphic systems. Given that
the LIF neuron offers most spiking neuron behaviours at a low computational
cost, and the Hodgkin Huxley model offers biologically acurate behaviour,
and the choice between them depends on whether the modelling priority is
computational efficiency or physiological accuracy.

1.1.3 Topology

In the most basic sense, structurally, neural networks fall into one of two
categories, feedforward and recurrent neural networks; see Figure 1.9. Feed-
forward neural networks contain synaptic connections which exclusively pass
information forward through the network, from the input layer to the output
layer. Recurrent neural networks may contain many feedforward connections,
but these networks also contain at least one connection not towards the output.
Such connections can return information to previous layers or to an input on
the same layer, e.g. a neuron may have a recurrent connection that connects
its output to its own, or a neighbouring neuron’s input. Due to the unlimited
range of connections available, recurrent neural networks can produce far more
complex dynamics, which means that they are capable of approximating any
dynamical system [44]; and are typically what is observed in biology [45].
However, this comes at the cost of much greater complexity when both training
and analysing network activity.

1.1.3.1 Feedforward Networks

As stated previously, in a feedforward network, every synaptic connection is
directed away from the input layer and towards the output layer. This allows
for simplicity of design and analysis, avoiding the risk of a black box, and
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Figure 1.9: A basic example of feedforward and recurrent neural network
connectivity.

provides ease of training, which in turn can result in an effective network.

It is through feedforward networks that neural networks have grown to
be so widespread. The most common example being the use of convolutional
neural networks in computer vision tasks [46], [47]. As with most successful
aspects of non-SNNs, this has prompted replication in SNN research [48], [49],
[50]

1.1.3.2 Recurrent Networks

Despite the ability to create richer dynamics, recurrent neural networks are
less prevalent in engineering applications than feedforward networks. This
is because the added complexity of the connections can significantly increase
the difficulty of training [51]. For example, if one was trying to implement
backpropagation [52], a prominent training algorithm in ANNs; infinite loops
would be encountered causing the training to fail. From the perspective of
network dynamics, the introduction of recurrent connections allows the retention
of past information, to inform decisions rather than solely operating on new
information [53]. As a result of the complexity of connections in recurrent
neural networks, there are several classifications which can be made within this
category; usually forming bio-inspired networks, probability-based connectivity,
and reservoir networks.

Due to the derivation of neural networks from biological activity, simplified
biological neural network architectures are often used when a task has a known
biological equivalent for which the biological neural network architecture is
known [54]. This results in many recurrent neural network architectures, as
biological neural networks are both large and complex, as to be optimal for
their given task and sufficiently general for versatility. An example of this is the
use of different specialised neurons and structures for navigation tasks, taking
inspiration from activity observed in the hippocampus and Medial Entorhinal
Cortex (MEC) [55].

When there isn’t a biological inspiration for the neural network, or sparse
connectivity is desired, it is typical for SNN connectivity to be modelled using
the distance between neurons as a function for the probability of them forming
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a synaptic connection [56]. Due to connections being modelled solely as a
function of distance, recurrent connections are typically formed within these
models. This is intentional and motivated by the capabilities of recurrent neural
networks to create more complex dynamics, but also introduces stochasticity,
enabling exploratory behaviour through the network design rather than strictly
dictating how a network should behave.

For the same reasons as described for probability-based connectivity, SNNs
are also used in reservoir computing systems, where there is an input layer, a
randomly connected reservoir, and an output layer. The connections within
the reservoir are made randomly and training in the network is only performed
on connections made to the output layer. The purpose of this, similar to
probability-based models, is to take advantage of the complex dynamics that
naturally occur in the recurrent neural network formed by the reservoir, while
still having a simpler feedforward network to train between the reservoir and
the output layer [57], [58].

1.1.4 Neural Coding

Typically, neural coding in SNNs can be considered either rate encoding or
temporal coding. Although both neural coding schemes attempt to convey the
same information, they do so in different manners. Rate encoding is typically
based on the number of spikes over a given duration, whereas temporal codes
aim to convey the information in the specific timing of either one or many
spikes.

1.1.4.1 Rate Coding

Rate codes are typically implemented using the frequency over a specified
duration to denote the information; see Figure 1.10. This form of coding
translates well to traditional neural networks because of the inherent ability to
translate a spike rate to an analogue value, as well as its inability to express
rapid variations. Density codes are also an implementation of rate coding,
utilising the same coding scheme, however, also averaging this encoding over
multiple runs, thus making it biologically implausible. Population rate coding
again uses the frequency of spikes but then averages this frequency across a
population of neurons.

1.1.4.2 Temporal Coding

In contrast to rate codes, temporal coding schemes vary significantly in imple-
mentation [59]; see Figure 1.11. This is because there are many ways to encode
information in the specific timing of spikes, such as delays, intervals, ordering,
and timing relative to a global signal. This has resulted in the following general
temporal coding schemes: time to first spikes, inter-spike interval, rank order
coding, phase coding, binary coding, and temporal contrast.

Time to first spike uses the delay between the first stimulus of the neuron
and the generation of an outgoing spike to encode information, with an inverse
relationship between input strength and delay, meaning a large (small) input
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Figure 1.10: How different rate codes respond to a stimulus, across runs or
population where applicable.

results in a short (long) delay [60]. This type of encoding has been observed
biologically with the encoding of signals in the retina [61]. Time to first spike is
limited because the first spikes are the only ones that are considered, and the
following spikes are redundant, although for this reason it is also efficient. The
efficiency arises because all of the information is encoded in a single spike. Also,
in the case of small stimuli, there is also a slow neuronal response, introducing
latency to the network.

Inter-spike interval uses a similar encoding to time to first spike; however,
in contrast to encoding using the delay between the stimulus and the first
spike, it uses the latency between spikes. This method removes the limitation
of only encoding information in the first spike, allowing more information to
be encoding and thus transmitted through the network [62].

Rank order coding uses a population of neurons with information encoded in
the order in which the neurons emit their first spike [63]. With the information
encoded in the relative timing of the first spike, this coding scheme has parallels
to the encoding of time to first spike although rank order coding encodes
information in the relative timing across a population [64], while time to first
spike operates on a single neuron irrespective of the larger population.

Phase coding uses the timing of a spike relative to a global signal, such as
existing rhythms of network activity (a biological example of this being theta
rhythms; for details, see [65]), to denote the value represented a single spike
[66], [67]. The information is encoded by the timing of the spike having a
corresponding value in the global signal, meaning that the value of the global
signal at the time of the spike denotes the output value. Encoding in this
manner can introduce latency to the network as the neuron is only able to
operate in time with the oscillation of the global signal.

Binary coding uses the timing of spikes to indicate binary bits, and has
two common methods of implementation. The first method dictates that a
period of time is separated into equal length windows and that the presence
(absence) of a spike within a window indicates a one (zero); resulting in a
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Figure 1.11: How different temporal codes respond to a stimulus.

constant stream of bits. The second implementation also separates the time
period into windows; however, now the timing of the spike within the window
indicates a one or zero, e.g., a spike in the first (second) half of the window
indicates a one (zero) [7]. This second implementation allows for gaps in the
bit stream in the absence of any spike within a window. Relative to other
coding schemes, binary coding is limited, with the drawbacks being the ability
to only transmit binary signals and the introduction of latency, similar to those
exhibited by phase coding.

1.1.5 Network Training

Learning occurs in ANNs through the modulation of synaptic characteristics,
such as weight and delay. However, this modulation can be influenced in a
variety of ways resulting in a plethora of learning algorithms. Due to the
range of algorithms they can separated, with how the learning occurs being the
defining characteristic. This gives supervised, unsupervised, and reinforcement
learning algorithms. Although these classifications can be used across all ANNs,
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SNNs can also be trained using a two step conversion method, with the first
step using one of the aforementioned learning classifications to train an ANN
which is then converted to an SNN.

Another defining characteristic of a learning algorithm is its ability to
perform online learning. An offline learning algorithm undergoes a training
phase, following which the network parameters are set. This means that once
the network has completed its training phase and the synaptic weights and/or
delays have been adjusted, it will be deployed and will not undergo further
training. During deployment, all synaptic weights and delays remain constant
unless another training phase is initiated. The motivations for employing
such a method of training may be reduced complexity and power draw once
deployed due to there being no need for reconfiguration; external feedback being
unavailable to the network following deployment; or that sufficient accuracy
can be achieved through a training phase.

In contrast, a network using online learning can continue training while
performing its designated task, but may still undergo a training phase prior to
its initial deployment [68]. This continued training allows the network to adapt
to potentially changing demands and allows the accuracy to increase because it
does not have a limited training dataset. For this to occur, the network must
be able to learn in the absence of external aids, thus limiting the available
learning techniques available for training. Due to a smaller range of possible
algorithms, online learning can be less accurate and therefore less suitable for
certain applications.

1.1.5.1 Supervised Learning

Supervised learning takes place when the network is exposed to a training set
which has a known set of corresponding outputs. When the network assesses
an input from the training set and provides an output, this is compared with
the corresponding, correct output, and the network is adjusted to minimise the
difference between the network’s output and the correct output; see Figure 1.12.
In SNNs the synaptic properties of the network can be adjusted by through
local learning rules such as Synaptic Time Dependent Plasticity (STDP) [23].

In traditional neural networks backpropagation [52], a specific form of
supervised learning, has shown great success and has therefore inspired many
attempts at replication for training SNNs [69], [70], [71], [72]. In backpropaga-
tion, the comparison of the network output with the correct output provides
an error function that is minimised by iterating through the layers via gradient
descent to minimise the error at each network layer [72]. However, this can
only be done because the activation functions in an ANN are differentiable,
which isn’t true of spiking neurons. Despite this, there is continued work
and success in using alternative error signals that are used as approximates
to inform training [73]. Beyond adaptations of backpropagation, a range of
supervised learning approaches have been explored in SNNs, each using the
temporal dynamics of spikes in different ways. Ponulak and Kasinski [23] build
on Hebbian learning [74], combining local timing-based learning rules with a
global signal to guide learning through the desired spike patterns.
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Figure 1.12: The processes that take place when training a neural network
using a supervised learning approach.

1.1.5.2 Unsupervised Learning

Unsupervised learning occurs when a neural network is trained without receiving
any feedback on the quality of the output or information about the task to be
achieved [75], [76]. As such, in SNNs, the modulation of Synapses is entirely
based on the occurrence of local events within the network. This results in
behaviours of the network being based upon perceived patterns in the features
of inputs.

In SNNs, unsupervised learning methods are typically derived from Hebbian
learning [74]. Hebbian plasticity is often associated with the phrase ”neur-
ons that fire together, wire together”; the meaning of this is that when a
Presynaptic neuron is activated, followed closely by a Postsynaptic neuron
activation, the Synapse experiences long-term potentiation, which means that
the synaptic weight connecting the two neurons is increased. Despite being a
long-standing concept, the principles of Hebbian plasticity still form the basis
for new algorithms [77], [78].

Based on Hebbian learning, acrshortstdp also dictates that should a Post-
synaptic neuron fire shortly before a Presynaptic neuron, then the synaptic
weight connecting neurons decreases [79]; see Figure 1.13. In an extreme case,
acrshortstdp can also be used to prune connections, that is, the synaptic weight
that connects neurons is reduced to zero [80]. Beyond this, acrshortstdp has also
evolved to encompass many variations that account for additional complexities
such as the use of more than two spikes and modulating delays [81].

1.1.5.3 Reinforcement Learning

Reinforcement learning can be seen to take a middle ground between supervised
and unsupervised learning, as the network is not tuned to meet an ideal
response, but does still receive external feedback indicating the quality of its
output. However, unlike supervised learning the reinforcement signal is sourced
organically from the environment. A network implementing a reinforcement
learning algorithm receives an input, to which it will respond with an output;
the environment will then provide a reinforcement signal, which could be either
positive or negative, and the network will adapt in an attempt to maximise
the reinforcement signal in the future. The release of dopamine is an example
of a biological reward signal that is observed in response to positive actions
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Figure 1.13: Long term potentiation and long term depression caused by relative
spike timing when using STDP.

[82]. Reinforcement learning in SNNs is most commonly implemented through
reward-modulated extensions of Hebbian plasticity. A widely used approach
is reward-modulated acrshortstdp (R-STDP), where traditional acrshortstdp
weight updates are scaled by a global reward signal, ensuring that only Synapses
that contribute to the rewards experience significant potentiation [83], [84].

1.1.5.4 Conversion Methods

Currently, state-of-the-art performance can be achieved by SNNs that are
trained using conversion methods [85]. In conversion methods, the SNNs itself
do not undergo any direct training. Instead, due to the success of ANNs, an
equivalent ANN is trained using one of the methods mentioned previously. The
Synapse characteristics resulting from this training are then applied to the
equivalent SNN [86]. This process is shown in Figure 1.14. Training SNNs in
this manner depends on the success of ANNs and, as such, limits SNNs to that
level of capability rather than exploiting behaviours specific to spike-based
computation. Therefore, training SNNs via conversion methods is not optimal
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and does not provide the behaviours to fully utilise spike-based computation, as
seen in biological neural networks. However, this training technique produces
state-of-the-art results [87].
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Figure 1.14: The processes involved in training an SNN via conversion methods.

As discussed in Section 1.1.2.1, at the neuronal level, selected behaviours
observed in biological neurons can be replicated through spiking neuron models.
The Hodgkin-Huxley model provides an example of this, capturing membrane
dynamics and spike generation. However, the complexity and performance of
biological neural networks are not fully replicated at the network level. Beyond
the use of simplified neuron models in most SNNs, biological neural networks
also contain diverse cell types and complex synaptic mechanisms, among other
processes that are usually simplified or omitted in SNNs. This is reflected in this
thesis, where LIF neurons and modulation of synaptic weight are implemented.

1.1.5.5 Delay Learning
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Figure 1.15: The effect of modulating delay on a Postsynaptic neurons response.
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Until now, the characteristics of the learning algorithms that have been
discussed have focused on modulating synaptic weights. However, biological
Synapses and Synapses in SNNs can also apply a delay to the signals they
transmit, and this characteristic can be modulated for training purposes [88];
see Figure 1.15. The reason biological neural networks and SNNs can learn
by modulating synaptic delay is due to the importance of spike timing in
information encoding [89]; see Section 1.1.4.2. As such learning algorithms
which modulate delays are becoming more prevalent, but still remain less
common, again because of the influence of ANNs for which only synaptic
weights can be modulated.

1.2 Neuromorphic Computing and Event-Based
Sensing

As computational capacity has grown, the scale of SNN has naturally grown
with it. As a result, more efficient purpose built hardware is desirable for
effective large-scale implementation; and this is the purpose of Neuromorphic
Computing platforms [90]. Neuromorphic platforms aim to avoid bottlenecks,
such as those experienced with memory in von Neumann architectures [91],
taking inspiration from the brain as a computing paradigm [92]; see Figure 1.16.
The concept of Neuromorphic Computing was first developed by Carver Mead
[17] with the intention of replicating brain-like computation by adopting the
form of a neural system in silicon [93]. Since then, multiple platforms have been
developed by large technology companies, such as IBM [20] and Intel [94], as well
as through research initiatives such as the Human Brain Project [22]. Beyond
developing large-scale hardware platforms for computation, Neuromorphic
Computing has grown to include research in materials (not discussed further
due to lack of relevance to the project) [95], perception [96], and informatics
[97]; bridging the gap between engineering and neuroscience.

1.2.1 Neuromorphic Platforms

Neuromorphic Computing systems have been developed to emulate the biolo-
gical principles of neural information processing, using spike-based computation.
Several neuromorphic platforms have been created, each with unique char-
acteristics and optimisations. These have been developed by both research
institutes, in the case of SpiNNaker [22] (see Figure 1.17) and BrainScaleS [98],
and private companies, in the case of Loihi [20] and TrueNorth [94].

BrainScaleS is an hybrid, analogue-digital system which is formed by mul-
tiple connected wafers, each wafer consisting of several Hi-CANN neurocores,
giving analogue operation, but still using discrete time steps. BrainScales
was created at Universitdt Heidelberg under the Human Brain Project and
is capable of emulating 4 million neurons and 1 billion Synapses. Following
this, BrainScaleS-2 uses a scalable architecture, where one core can emulate
512 neurons and can be combined with many other cores to emulate larger
networks.
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Figure 1.16: A comparison between the Von Neumann architecture and a
Neuromorphic Computing architecture.

Loihi is a neuromorhic chip created by Intel in 2018, which is capable of
emulating 130,000 neurons and 130,000,000 Synapses [20]. This emulation is
achieved through the use of 128 neuromorphic cores which are implemented
digitally and operate using discrete time steps. As a successor to Loihi, Intel
released Loihi 2 in 2021 significantly increasing the chip’s capacity for emulating
neurons [99]. Loihi 2 is capable of emulating approximately 1,000,000 neurons
connected via 120,000,000 Synapses, a slight reduction from Loihi.

Similarly to BrainScaleS, SpiNNaker was created as part of the Human
Brain Project, but at the University of Manchester in 2014 [22]. SpiNNaker
employs a scalable architecture with each core capable of simulating up to 1000
neurons depending upon the complexity of the neuron model, and systems
capable of simulating having been made. Following SpiNNaker, SpiNNaker2 has
been made under the SpiNNcloud project at the Technische Universitat Dresden
[100]. SpiNNaker2 integrates ANN capabilities and also aims to significantly
increase the core count from the original SpiNNaker project.

IBM'’s TrueNorth is one of the most widely recognised neuromorphic chips,
created in 2014. It features a highly parallel architecture consisting of 4096 cores,
each modelling 256 neurons and 64,000 Synapses, resulting in a chip capable of
emulating 1 million neurons and 256 million Synapses [94]. TrueNorth’s opera-
tion occurs through discrete, 1 ms time steps, with events being synchronised
by a global clock [21].

1.2.2 Event-Based Sensors

Event-based sensors are designed with the purpose of mimicking biological
sensory organs and, as such, provide a spiking output that can naturally be
interpreted by SNNs. The three most commonly mimicked senses are vision,
audition, and olfaction [96], [101]. The concept of event-based vision sensors is
introduced here; for wider reading on event-based sensing, see [101]. For an
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Figure 1.17: The SpiNNaker Project

example of an event-camera see Figure 1.18

Figure 1.18: A Davis346 Event Camera

Traditional video is captured using frames which consist of an array of pixel
values containing RGB data. At regular intervals, the frame is updated with all
of the pixel values being updated for every frame. Event-based cameras also use
an array of pixels but do not have dedicated pixel values. Instead, each pixel
updates independently and asynchronously and only does so when its input
exceeds a defined threshold [102], [103]; see Figure 1.19. Rather than storing
pixel values, when the positive (negative) threshold is exceeded, the pixel of the
event camera outputs a positive (negative) event, which may then be processed.
Event cameras can operate both more efficiently and enable faster response
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times. Efficiency is improved by minimising redundant updates during still
periods, and by removing the delays involved in synchronising updates event
cameras enable faster response times [102].

Figure 1.19: The outputs of an RGB camera, and event camera in low light
scenarios, with negative events shown in black and positive events shown in
white.

1.3 Navigation

Navigation is a fundamental task faced in robotics and engineering. Effect-
ive navigation capabilities enable autonomous systems to move and interact
with their environment efficiently. Various navigation techniques have been
developed depending on the capabilities and sensing modalities of the system;
examples being Simultaneous Localisation and Mapping (SLAM), Visual Odo-
metry (VO), and Visual Inertial Odometry (VIO). These methods allow robots,
Unmanned Aerial Vehicle (UAV)s, and vehicles to perceive their surroundings
and maintain accurate localisation signals accordingly.

1.3.1 Simultaneous Localisation and Mapping

Simultaneous Localisation and Mapping is a technique in robotics and autonom-
ous systems that enables an agent to construct a map of an unknown environ-
ment while simultaneously estimating its own position and orientation within
that map. Traditional SLAM methodologies relied on geometric feature extrac-
tion and probabilistic filtering methods such as Extended Kalman Filters and
particle filters. More recently, deep learning has facilitated hybrid approaches
that integrate learned representations with classical geometric constraints,
enhancing robustness in dynamic environments. Specific variations of SLAM
include monocular SLAM, stereo SLAM, and RGB-D SLAM, depending on
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sensor configurations, with other variations also existing with the integration
of alternative sensors.

1.3.2 Visual Odometry

Visual Odometry (VO) estimates an agent’s motion by analysing consecutive
visual data captured by a camera. Changes in position and direction are
calculated by tracking movement over time. It can be classified into direct and
feature-based methods. Feature-based methods identify key points in the scene,
whereas direct methods consider the whole scene. VO can be monocular or
stereo, with stereo VO generally providing better depth estimation capabilities.
It is widely used in robotics and mobile devices, particularly for navigation in
GPS-denied environments; however, it can suffer from drift over time.

1.3.3 Visual Inertial Odometry

Visual Inertial Odometry (VIO) offers an enhancement to visual odometry
by integrating IMU data, enabling improved motion estimation, particularly
in scenarios where visual features are sparse or non-existent. The fusion of
visual and inertial data is typically achieved through filtering frameworks such
as the Extended Kalman Filter or factor graph-based optimisation. VIO is
commonly used in drones, autonomous robots, and wearable AR/VR devices,
where precise localisation is essential for stability and user experience.

1.3.4 Related Tasks

Beyond SLAM and odometry, other navigational tasks play an important role.
Optical flow estimation provides an estimate of the movement of features in
an image, such as objects, surfaces, and edges. Depth estimation aims to
recover the 3D structure of a scene from 2D data, with benefits for mapping
purposes. Path planning and control are essential capabilities for an intelligent
autonomous system to determine where to navigate through an environment
and be able to accurately follow the planned route. All of these tasks are
adjacent to those tackled in this work hence warrant mentioning, however, are
not fundamental to the project and serve more as areas that may be used for
expansion through further work.

1.4 System

In this thesis, we propose a system that performs localisation, exclusively using
SNNs for information processing. The networks integrate inertial information
through populations of spiking neurons inspired by biological navigation cir-
cuits before also combining vision cues for improved accuracy and robustness.
Inertial data from an IMU drives two core networks: a Head Direction network,
implemented as a ring attractor of spiking neurons, and a Grid Cell network,
implemented as a two-dimensional toroidal attractor. The Head Direction
network provides a continuous representation of orientation, while the grid cell
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network integrates velocity inputs to construct an internal coordinate system
that supports path integration through a trained place cell network. Place cells
are trained using grid cell activity to provide a single interpretable localisation
signal, with each place cell corresponding to a distinct Place Field. Together,
these network components enable an agent to maintain an estimate of position
and heading in the absence of external cues.

Event camera data, processed by spiking neural networks that are trained
for visual place recognition, provide a complementary reset mechanism. This
visual input is used to perform loop closure by resetting the Head Direction
and Grid Cell Networks when a known scene is recognised, thus correcting
accumulated drift and aligning the network’s representation with the known
ground truth. In many areas, the system intentionally mirrors the functional
organisation of the mammalian navigation networks, where head direction cells,
grid cells, and place cells cooperate to support robust spatial navigation. For
an overview of the system design, see Figure 1.20.
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Figure 1.20: The design of a neuromorphic navigation system showing how the
different spatial networks interact to create localisation signals.

The system demonstrates how neuromorphic principles can be leveraged to
design navigation algorithms that combine the efficiency and temporal precision
of event-based vision sensors with SNNs to leverage their inherent sharing of an
information encoding paradigm. By basing the design in bio-inspired network
structures, the system aims to balance efficiency, with general applicability,
creating a system that can easily be adapted to specific environments and offers
a novel approach to real-world event-based visual-inertial odometry.

The implementation developed for this thesis was written in Python, with
input data loaded and processed using pandas [104], [105]. The SNNs were built,
trained, and simulated using the NEST spiking neural network simulator [106],
which provided the neuron, synapse, and plasticity models used throughout
the contribution chapters. These tools were selected because they are widely
used, well documented, and provided the functionality and flexibility required
to process event-based data, construct the proposed networks, and explore
different network configurations. Where applicable, the network parameters,
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input encodings, training procedures, and evaluation metrics are described in
the relevant chapters to support replication of the results.

1.4.1 System Limitations

Given the nature of the system as a novel implementation it faces limitations
in all facets of the network. In the Head Direction network, noticeable drift is
observed, but more worrying are the large rapidly occurring errors that were
observed in a small number of test sequences. Regarding the Grid Cell network,
stable behaviour and the activity shifting mechanism were successfully achieved
but the empirical approach to establishing linear shift response didn’t produce
useable outcomes. The place cell network showed the ability to repeatedly
localise to the same position, but this didn’t always happen when travelling in
opposite directions along the same road, implying that the Place Field size isn’t
appropriately sized. While the visual place recognition network was able to
create a signal to trigger a reset in the spatial networks, the observed behaviour
implies that attempting to train multiple resets in a single neuron will lead
to saturation with the current combination of network structure and training
scheme.

1.4.2 System Contributions

We believe that biological neural networks form highly optimised solutions to
fundamental perception and navigation tasks. So, by emulating these networks
in artificial systems, it is possible to develop efficient and generalisable solutions
to complex real-world problems. This thesis makes advances to this end by
extending the application of bio-inspired network architectures to tackle Visual
Inertial Odometry for driving scenarios with a neuromorphic approach.

The first key contribution of this work is extending the use of Head Dir-
ection ring attractor networks by adopting a spike timing-based approach,
unlike former rate-based implementations, to track vehicle orientation. This
temporal coding approach enabled the integration of an event-based visual
place recognition network that provides loop closure by resetting the head
direction at known locations. We also propose the application of toroidal Grid
Cell networks for velocity integration that combined with a place cell network
provides positional tracking. These systems haven’t previously been applied to
real-world driving scenarios. In addition, the visual place recognition signals
are also shown to reset the positional signal of the Place Cell network to provide
consistent loop closure of all localisation signals.

Together, these contributions broaden the application of bio-inspired SNNs
beyond the typical neuroscience focused modelling, and show their potential
for neuromorphic navigation tasks.

1.5 Thesis Structure

The remainder of this thesis is organised into six chapters that present the
background and relevant preliminary information; the research and findings;
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and the conclusions, which also includes directions for future work to build
upon what has been presented. Chapter 2 provides the necessary background
of both concepts and requirements for implementation, including details of
neuroscience, datasets, and simulation platforms. Following on from the
introductory chapters, Chapter 3 is the first to presents the core work, and
contributions of the thesis. Here we present a Head Direction network that
operates using spike timing running on real-world inertial data. In Chapter 4,
we present a conceptual framework for velocity integration through a Grid
Cell network that integrates inertial signals to detect position changes. A
method for interpreting the many grid cell signals into a single representation
of position, through the use of a trained Place Cell network is implemented
in Chapter 5. The practical work contained in this thesis is concluded in
Chapter 6 by presenting Monocular and Stereo vision networks, performing
visual place recognition to induce a reset signal into the spatial networks.
Finally, Chapter 7 summarises the findings and limitations of the contributions
presented throughout this thesis and provides ideas for the direction of future
work.
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Chapter 2

Background

This chapter surveys the foundations underpinning the neuromorphic naviga-
tion system developed in this thesis, signposting the origins of different branches
of research, and highlighting specific, recent innovations that have served as
inspiration to the work that follows in this thesis. We begin with biological
representations of space, discussing head direction, grid, and place cells. Here
we provide details of each cells activity; how they interact with the environ-
ment and other cells; and theories about network structures that can replicate
their observed behaviours. Then, the use of event cameras and Neuromorphic
Computing in vision tasks is reviewed. This section primarily focuses on tasks
adjacent to navigation, ones that can be incorporated into a larger navigation
system to form a complex solution, as well as briefly touching on vision in
navigation tasks which is elaborated on in the following section. Next, we
survey navigation systems, starting with traditional, non-neuromorphic imple-
mentations, followed by reviewing algorithms using Neuromorphic Computing
or event cameras, before finally discussing implementations that combine event
cameras with neuromorphic computation for an entirely event-based system.
The following two sections discuss event cameras, and their datasets, high-
lighting those that are applicable to driving and navigation tasks. Also in this
section, non-event camera datasets are briefly discussed and how they can be
used in conjunction with video to event camera conversion. Finally, we survey
Spiking Neural Network simulators, discussing their suitability to the different
applications of SNN simulation.

2.1 Biological Representations of Space

The representation of space in the brain is fundamental for navigation in animals.
This spatial cognition is based on a distributed network that performs path
integration and encodes location and direction, allowing effective navigation and
memory formation. This is summarised in Figure 2.4, at the end of the Section,
once the primary neuron types relating to this work have been introduced.
The three main types of spatially related neurons, head direction cells [107],
grid cells [108], and place cells [109], work in synergy to provide a detailed

33
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representation of position, based on environmental and egocentric cues [55].

2.1.1 Head Direction Cells

Head direction cells represent an animal’s directional heading, acting as an
internal compass that signals direction independently of location or movement.
Their firing rates are maximised when the animal’s head is aligned with a
specific preferred direction; see Figure 2.1. These cells are found in several brain
regions that form a distributed network that underpins the neural compass.
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Figure 2.1: The firing rate of head direction cells in response to different head
directions [110]

The discovery of head direction cells demonstrated their specific sensitivity
to rotational cues [107], suggesting that they contribute to an allocentric
reference frame necessary for navigation. The head direction system integrates
vestibular and sensory inputs to maintain a stable representation of direction
[111], [112]. The neural circuit allows head direction cells to integrate self-
motion cues with external sensory inputs to perform one element of path
integration.

The vestibular system plays an essential role in head direction signalling.
Disruption of vestibular inputs, such as damage to the semicircular canals or
otolith organs, results in a severe impairment of the stability of Head Direction
Cell activity [113], [114]. This has also been demonstrated across species
with semicircular canal occlusion disrupting Head Direction Cell activity in
chinchillas [115].

External sensory cues, such as environmental landmarks, also play a critical
role in Head Direction Cell activity. Head direction cells maintain stable activity
across diverse environments, adjusting their preferred directions when external
cues are rotated [116]. Similarly, avian Head Direction Cell activity has been
shown to align with key environmental cues [117].

Head Direction Cell tuning is modulated by the brain’s architecture. The
directional precision represented by head direction cells scales along the dor-
soventral axis with the highest precision found dorsally [118].
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The effectiveness of head direction cells as a concept is demonstrated by
the diversity of species in which they have been observed, including birds [117],
rats [107], mice [113], monkeys [116], chinchillas [115], bats [119], and fish [120].
Beyond evidence of their presence in vertebrates, similar activity has also been
observed in the brain of Drosophila [121].

Head direction cells are essential components of the brain’s navigation
system, dynamically integrating self motion cues with sensory landmarks. This
neural compass provides a stable directional activity which interacts with other
spatial cell types such as grid and place cells to support navigation in complex
environments.

2.1.2 Grid Cells

Grid cells are neurons that provide a coordinate system for spatial navigation
through their neuronal activity, creating a periodic hexagonal firing pattern
that tessellates across an environment (see Figure 2.2), allowing a precise
representation of travel [108]. Grid cells form a fundamental component of the
brain’s navigation system, integrating with head direction cells and place cells
to create a comprehensive representation of position and direction.

Trajectory Rate map

Figure 2.2: The hexagonal firing pattern of grid cells occurring at different
scales, for different cells, over the same environment [122].

The hexagonal firing pattern of grid cells is scale invariant in response
to the environment, with the spacing of grid cell activity increasing along
the dorsoventral axis of the Medial Entorhinal Cortex (MEC) [123], [124].



36 CHAPTER 2. BACKGROUND

This hierarchical organisation allows grid cells to represent spaces at different
resolutions, with smaller grids supporting highly granular spatial discrimination
and larger grids enabling large-scale navigation. In application, this means that
grid cell activity is stable across environments and only remaps in response to
changes in a known environment.

Grid cell activity has been replicated through the use of attractor dynamics,
with it being believed that self motion can be encoded through path integration
[125], [126]. In accordance with attractor dynamics, recurrent network con-
nectivity allows grid cells to maintain spatial firing patterns based on internal
estimates of movement. Building upon this grid cells may also integrate ex-
ternal sensory cues with self motion cues enabling robust and adaptable spatial
representations [127].

In summary, grid cells are central to the brain’s spatial navigation abil-
ities, providing a metric for distance and direction that is both precise and
adaptable to the environment. Their interactions with other spatial cell types,
combined with their representation across species, highlights their importance
in representing space for neuronal computation.

2.1.3 Place Cells

Place cells, first identified in 1971 [109], are essential for encoding specific
locations. Place cells fire maximally when an animal occupies a specific location
within an environment; a Place Field (see Figure 2.3). By signalling for a
unique position within an environment, the place cell provides a localisation
signal, which may also be used for mapping. Initially discovered in rats [109],
place cells have also been identified in chinchillas [115], bats [128], [129], [130],
and various primates [131], [132], [133], [134].
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Figure 2.3: A place cell firing in a single location within an environment [55].

O’Keefe and Conway [135] expanded upon this concept by showing that
Place Fields could be modified by environmental cues, suggesting that place
cell firing adapts to changing surroundings based on the availability of sensory
information. This adaptability allows place cells to respond to sensory cues
from landmarks, making them integral to the Cognitive Map. A change in



2.2. NEUROMORPHIC VISION SYSTEMS 37

external conditions, such as darkness or rotating landmarks, was also shown to
affect spatial learning without altering intrinsic place cell activity [136].

The interaction between place cells and grid cells underscores the distributed
system that forms the Cognitive Map. Place cells receive input from grid cells
[137], forming a network in which place cells encode location based on self
motion and external sensory cues. This interaction highlights the relationship
between place cells, which encode specific locations, and grid cells, which
provide the path integration required to navigate based on self motion cues.

Moreover, the influence of place cell remapping in response to environmental
changes provides insight into spatial memory. Place cells adjust their Place
Fields when the spatial context changes [138], allowing multiple environments
to be represented within a single neural network.
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Figure 2.4: An overview of known spatial cells showing the different firing
patterns, their interconnectedness, and how they are distributed through
different brain regions [55].

2.2 Neuromorphic Vision Systems

The use of ANNs in computer vision is widespread, and they typically provide
state of the art solutions. This, and the increase in of availability of event-
based data (see Section 1.2.2), has led to the increased use of SNNs for visual
processing [139], [140]. But most event-based, or neuromorphic vision systems
still combine event cameras with alternate information processing methods
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such as ANNSs.

Recognition and classification are fundamental tasks in computer vision,
with object and digit classification seeing extreme popularity, and visual place
recognition being especially applicable here as it can contribute to navigation
tasks. Early work integrated event-based sensing and neuromorphic computing
to perform object recognition and tracking in real-time [141]; see Figure 2.5.
With the introduction of datasets that natively supported neuromorphic pro-
cessing [140], the use of SNNs in such tasks became more prevalent [139],
[142]. With the natural integration of event camera data with SNN processing,
relevant datasets shifted to dynamic recognition tasks as they better suited the
sensing modality. This saw the development of gesture recognition datasets,
and algorithms [143], [144]. Also owing to the dynamic nature of the scenes,
there has been a surge of event-based driving datasets (see Section 2.4) provid-
ing opportunities for the development of event-based visual place recognition
algorithms, however, currently such algorithms have only been applied to RGB
data [145].

A common theme in the application of SNNs to vision tasks is that they are
typically used in conjunction with event-based sensors due to their inherently
similar information encoding. Much of the neuromorphic, and event-based
vision literature applies alternative methods, such as ANNs), for information
processing to event camera data, leaving many areas of research open for the
novel application of SNNs. Particularly the application of SNNs to visual place
recognition. However, one area where vision and SNNs are more often combined
is in navigation tasks as discussed in the next section. and in contributing to

navigation tasks, such as SLAM, VO, and VIO.

Figure 2.5: Object recognition performed on event camera data.
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2.3 Navigation Systems

Neuromorphic computing has increasingly been applied to improve efficiency
and reduce latency in engineering tasks, and this also applies to navigation
algorithms such as visual SLAM, VO, and VIO. Traditionally, these tasks use
a feature-based method in which points are identified within an image, and
tracks the movement of these features to estimate motion; a method known as
optical flow [146], [147]. In the case of visual SLAM, this is extended with the
addition of depth estimation or sensing for map formation. Alternatively, the
direct method uses pixel intensities, omitting the need for feature identification,
and performs optical flow directly on these. This can be done on all of the
pixels (dense) or on select pixels (semi-dense or sparse). While it has proven
successful, it is a computationally expensive process which is exacerbated by
complex, dynamical environments, and increasing camera resolutions. As with
many computational tasks the success of ANNs in other areas has led to their
application to visual navigation tasks [148], [149] (see Figure 2.6) and naturally
SNNs are also applied [150].

The use of events in navigation related tasks in not entirely recent [151],
although far more traction has been gained in recent years. Early works typically
looked to replicate brain regions with a focus on mimicking networks which had
been observed in vivo [151], [152], [153], and while this trend persists [54], [154],
[155], this is usually now done in an attempt to optimise for engineering tasks.
It can also be observed that event-based is often used to refer to systems using
event cameras as an input, with the processing being done with alternative
methods [156].
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Figure 2.6: The areas of a visual SLAM pipeline specifically identified for
improvement through deep learning by [157].
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2.3.1 Event Camera based Navigation

Event cameras provide data that is asynchronous and low latency with a high
dynamic range with transformative potential as a sensing modality. Given event
cameras capture pixel-level brightness changes they are particularly suited for
environments with fast motion and varied lighting conditions. These properties
can be leveraged for navigation tasks in challenging environments by improving
the robustness of data at the point of acquisition [158].

There are a range of implementations using event cameras for navigation
related tasks ranging from optical flow estimation [159] to control [160], [161]
but the most relevant are the odometry and SLAM implementations. The most
prominent work for purely visual SLAM using event cameras is that of Kim
[162] who achieved 6 degrees of freedom (DOF) tracking and 3D reconstruction.
With regards to SLAM using an event camera as part of a wider sensor fusion
system Vidal et al. [163] presented work in which combined frames, events and
Inertial Measurement Unit (IMU) data to provide a robust implementation
applied to drone flight over a complex environment. In comparison to frame-
based odometry systems it was shown that event-based stereo visual odometry
can show better performance in dynamic scenarios [164]. An alternate approach
is the combination of event data and frames as used in Event-Aided Direct
Sparse Odometry [165]. Here event data was combined with sparse frame-
based features to enhance tracking accuracy and computational efficiency. By
employing a hybrid approach drift is minimised and the system is shown to
be more robust in environments where visual features are sparse. Similarly,
an event camera approach to simultaneous localisation and mapping has been
show to offer improvement by accumulating events to create event frames which
can then be processed using traditional methods [166].

2.3.2 Neuromorphic Computation in Navigation

Initial applications of SNNs to navigation related tasks focused on simple net-
works where a small number of neurons can achieve an attraction or avoidance
signal [168]. This resulted in many systems focused on tasks such as lane
keeping, obstacle avoidance, and target acquisition [169]. Beyond this there is
a range of similar, but distinct implementations that can be drawn from brain
models, found in computational neuroscience, and neuromorphic computing
implementations. The majority of these works use RGB or RGB-D cameras as
the primary sensor and a bio-inspired network architecture, resulting in a well
defined understanding of the different cell types that are used in navigation
[55], [170], [171]; see Section 2.1.

One of the earliest bio-inspired navigation systems was RatSLAM [151],
which mimicked rodent hippocampal mapping using attractor dynamics. Al-
though RatSLAM didn’t use event-based processing, these concepts have since
been refined using neuromorphic computing. Systems following this show clear
themes using bio-inspired networks and performing 2 dimensional mapping
[154], [167], [172], [173] (see Figure 2.7). While there are obvious parallels
between the aforementioned work and the proposed framework, undoubtedly
the work of greatest relevance are the existing end-to-end event-based systems.
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Figure 2.7: An example of Neuromorphic Computing being applied to unidi-
mensional SLAM, showing (a) a breakdown of the system; (b) the connectivity
within networks; and (c) the resulting outputs [167].

2.3.3 Combining Event Cameras and Neuromorphic Com-
puting for Navigation

Combining event cameras and neuromorphic computation can be used to create
an end-to-end event-based navigation system, creating a cohesive framework
that utilises both the sensing and processing advantages. The combination of
event-based sensing and neuromorphic computation, as seen in these systems,
represents a potential advancement in autonomous, high speed, navigation.
By leveraging bio-inspired principles, end-to-end systems can provide highly
efficient, low latency solutions that are suitable for complex real world environ-
ments where conventional frame-based approaches may fall short.

There exists a range of work on control [174] and perception [54], [175]
tasks but until recently the most advanced navigational tasks were obstacle
avoidance and target acquisition. These consisted of lane keeping robots [168],
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[176] (see Figure 2.8) and target acquisition systems [177], [178]. With the view
of developing a fully event-base SLAM system Kreiser et al. [155], [172], [179]
made strides in this direction. Initially a vision based head direction network
was developed allowing the robot to orient itself and correct accumulated errors
[155]. Following this 1 dimensional SLAM was achieved [179] including error
correction and mapping capabilities. The latest development in event-based
SLAM presents a sensor fusion solution, combining an event camera and a
radar to achieve a SLAM system capable of learning on the fly while moving
within a complex real world environment [180]. While travelling along aisles, a
2D map is created to show obstacles.
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Figure 2.8: Combining an event camera with Neuromorphic Computing to
achieve control of a vehicle. (a) a breakdown of the system used for simulation;
(b) the connectivity within network; and (c) the results of the lane keeping task
[176].

2.4 FEvent Camera Data

The development and benchmarking of neuromorphic visual-inertial odometry
systems depend critically on the availability of datasets that accurately capture
the unique properties of event-based vision. Unlike traditional cameras, event
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cameras output asynchronous events in response to brightness changes at
each pixel, resulting in sparse, temporally precise streams of visual data.
To enable algorithmic development and fair comparison of methods, a wide
range of datasets have been curated to reflect varying environments, sensor
configurations, and application domains. These datasets are broadly categorized
into stereo and monocular configurations. This section provides a detailed and
critical review of leading datasets in both categories.

Stereo event camera datasets are particularly important for tasks requiring
depth perception and 3D spatial reasoning, including stereo VO, depth estima-
tion, and stereo visual SLAM. The availability of synchronized IMU data and
precise ground truth enhances their utility for evaluating across navigation
methodologies e.g., comparing VO and VIO systems.
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Figure 2.9: The sensor configuration used in the ECMD dataset, and a sample
of the resulting recordings [181].

The Event-Centric Multisensory Driving (ECMD) dataset provides record-
ings from event and RGB cameras, as well as LIDAR and IMU data [181]; see
Figure 2.9. These recording are all taken using a car driving along roads in a
range of scenarios. DSEC also consists of similar recordings, featuring stereo
event and RGB cameras as well as LIDAR and IMU recordings [182]. With
a similar sensor set up FusionPortable has stereo event and RGB cameras,
recording alongside LIDAR and an IMU but in a different environment [183].
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Here the sensors are mounted to a dolly or quadruped, or are handheld, and
feature recordings from pedestrian areas. Also using stereo event and RGB
cameras the TUM-VIE dataset features indoor and outdoor recordings, however
this is the first dataset to not feature LIDAR recordings [184]. The datasets
encompassing the largest range of environments are M3ED and MVSEC. Both
include recordings from stereo event and RGB cameras, alongside LIDAR and
IMU data [185], [186]. They also both include car and UAV mounted recordings,
with M3ED also having quadruped recordings, while MVSEC has motorbike
and handheld recordings; see Figure 2.10. In addition to the scenes covered by
the other datasets M3ED includes offroad driving in a forest.

Figure 2.10: The sensor mount used to record the MVSEC dataset, mounted
on a car, motorbike, and UAV [186].

Monocular event camera datasets are generally used in scenarios where
weight, size, or power constraints prevent stereo configurations. There are a
multitude of monocular, car-based datasets featuring event camera data with
the most widely used examples being DDD17 [187], DDD20 [188], N-Cars
[189], and Brisbane Event VPR [190]. These all feature more lightweight
sensor configurations than seen amongst the stereo datasets, omitting LIDAR
and IMU data. For a more comprehensive list of monocular datasets as well
as details about their sensor configurations, and recording environments, see
Table 2.1.

It is also possible to use existing datasets that don’t feature event cameras
through the conversion of video to event streams, enabling the use of more
popular datasets such as KITTI and KITTI-360. This allows comparison with
a wider range of algorithms but does so at the cost of introducing a reality gap
through the conversion, given that the converted event stream won’t perfectly
replicate event camera behaviour. Emulating event camera activity, either
through conversion or simulation is the subject of large amounts of research,
most notably [191], [192], [193]



Table 2.1: The primary navigation related event camera datasets alongside some non-event camera equivalents that can be used in
conjunction with a video to event camera converter.

Dataset Vehicle Scenario Event RGB LIDAR | IMU
Cameras | Cameras
ECMD Car Road x4 x2 v v
MVSEC Car, Motorbike, UAV, | Road, Indoor, Outdoor | x2 x2 v
Handheld
DSEC Car Road x2 x2 v v
M3ED Car, UAV, Quadruped | Road, Indoor, Outdoor, | x2 x3 v v
Forest
FusionPortable Handheld, Quadruped, | Indoor, Outdoor x2 x2 v v
Dolly
TUM-VIE Handheld, Helmet Indoor, Outdoor x2 x2 X v
DDD17 Car Road x1 x1 X X
DDD20 Car Road x1 x1 X X
MA-VIED Car Road x1 x1 X v
CED Car, Handheld, Static Road, Indoor, Gestures | x1 x1 X X
N-Cars Car Road x1 x1 X X
Brisbane Event VPR | Car Road x1 x1 X X
Vivid++ Car, Handheld Road, Indoor, Outdoor | x1 x1 v v
M2DGR Dolly Road, Outdoor, Indoor | x1 x1 v v
DET Car Road x1 X X X
TUM-RGBD Handheld, Dolly Indoor X x1 X

KITTI Car Road X x4 v v
KITTI-360 Car Road X x5 v v
DrivingStereo Car Road X x2 v v
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2.5 Challenges

The literature reviewed in this chapter shows that event cameras, SNNs, and
bio-inspired spatial representations each provide promising routes towards
navigation systems, with a wide range of approaches taken. However, it also
highlights several challenges that must be addressed before these approaches
can be combined into a complete neuromorphic localisation system. These
challenges relate to maintaining event-based processing at all stages in the
navigation system, adapting biological representations of space to real-world
data, integrating inertial and visual information, providing loop closure, and
the availability of datasets to evaluate these systems.

The first challenge is utilising event-based representations throughout the
system. Event cameras produce sparse, asynchronous outputs that are inher-
ently aligned with the event-based representation used by SNNs. However,
many event-based navigation systems use intermediary representations, such as
frames, event images, or extracted features, before processing using conventional
methods. Although these approaches can be effective, they reduce the extent
to which the system benefits from the temporal sparsity of an event-based
sensor. This creates an opportunity for systems that retain an event-based
representation from the sensor input through to the localisation output.

The second challenge is translating isolated bio-inspired spatial representa-
tions into a complete system that operates on real-world data. Head direction
cells, grid cells, and place cells provide useful inspiration for tracking orientation
and position, but they are typically considered as the sole focus rather than as
a component of a larger artificial network. Combining them within a larger
SNN requires each representation to produce an output that can be interpreted
by the next network, while preserving stable activity within each subnetwork.
This is challenging because errors in one representation can propagate into the
others; for example, drift in the Head Direction network affects the direction
of velocity integration in the Grid network, which then affects the Place Cell
representation. Therefore, the system must consider biological inspiration,
network size, stability of spiking behaviour, and interpretability across mul-
tiple connected subnetworks rather than within a single isolated, homogeneous
network.

The third challenge is developing visual place recognition methods that
are appropriate for event camera data. Existing event-based vision work
shows the usefulness of event cameras for dynamic scenes, but visual place
recognition remains difficult because the appearance of a location can change
drastically based on conditions such as lighting, weather, traffic, viewing angle,
and time. This occurs in driving scenarios, where the same physical location
may be encountered from different lanes or directions. A robust neuromorphic
navigation system therefore requires a reset mechanism that can recognise stable
landmarks while avoiding unreliable or ambiguous visual cues. To address this,
an appropriate dataset that can allow the network to account for all of these
variations is required.

The final challenge is the suitability of the datasets. Existing event-camera
datasets provide valuable recordings across a range of sensor platforms and
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environments [181], [182], [185], [186]. However, they typically offer a sim-
ilar structure, featuring recordings of many distinct routes. Neuromorphic
localisation and visual reset mechanisms would benefit from datasets that
contain repeated traversal of the same routes under varied conditions. Such
datasets would allow systems to be tested not only on whether they can track
motion through a single sequence but also on whether they can learn and reuse
landmarks across different times of day, traffic densities, weather conditions,
and directions of travel.

This thesis aims to address some of these challenges by developing an event-
based localisation network that combines bio-inspired subnetworks with event-
camera inputs. The Head Direction network investigates spike-based orientation
tracking from angular velocity signals, the Grid and Place Cell networks explore
spike-based representations of position, and the visual place recognition network
provides a reset mechanism for correcting accumulated error. In doing so, the
work positions itself between event-based sensing, neuromorphic computation,
and bio-inspired navigation, with the aim of demonstrating how these areas
can be combined towards an end-to-end event-based VIO system.



48

CHAPTER 2. BACKGROUND




Chapter 3

Direction Tracking

3.1 Introduction

A crucial component of any system aiming to tackle the task of odometry is
the ability to accurately and reliably track the direction of the agent at any
given time. Although there are many approaches for this, the emerging field
of Neuromorphic Computing is one that is largely unexplored for engineering
applications despite the fact that biological models are available [194]. By
taking inspiration from biological systems for tracking direction, it is possible
to utilise the intrinsic event-based operation of spiking neural networks to
create a biologically plausible network capable of performing well in real world
engineering scenarios.

Initially, it was attempted to implement this network by converting a rate-
based model to use LIF neurons and then derive network parameters. This
was unsuccessful, so then using an empirical approach the Head Direction
network was implemented and using this approach was found to be capable
of accurately tracking direction across the range of angular velocities found
in driving scenarios. These have been collected from the IMU data that is
integrated into the left event camera in the ECMD dataset [181].

3.2 Network Connectivity

The Head Direction network is formed using a ring network structure consisting
of three layers, with each layer being made up of 360 neurons resulting in 1°
increments. These layers are the head direction layer and two shift layers; see
Figure 3.1. The head direction layer uses a self-sustaining Hill of Activity
(HOA) [153] to represent the current direction of the vehicle. The HOA refers
to a bell-shaped firing pattern within a network layer, where the centre, or
peak, of activity corresponds to the direction or position represented by that
layer. When the network integrates motion, the HOA shifts through the layer,
with movement of the peak representing a change in the encoded direction or
position. This motion integration occurs using two shift layers that act to shift
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Figure 3.1: An overview of the layers in the Head Direction network, and how

they are connected. For a detailed, neuron level connectivity mapping see
Figure 3.5

the HOA clockwise and counterclockwise, respectively.

The angular velocity signal was passed directly to the shift neurons as
an input current that was linearly proportional to the angular velocity. This
allowed the network to be assessed for angular velocity integration while
avoiding the need for an additional preprocessing or feature extraction stage.
As a result, the effect of the network connectivity and shift-layer dynamics
could be assessed directly. The Head Direction layer uses rate coding, where
firing activity denotes the proximity of each neuron to the centre of the HOA,
and therefore to the represented head direction. The shift layers combine
input from the Head Direction layer with the angular velocity input using a
time-to-first-spike encoding, where shorter spike times correspond to faster
shifts of the HOA.

Initially, it was attempted to calculate the weights using the methods
described in [195]. Given that this work features rate-based models the firing
rate of a LIF neuron is calculated from the inter-spike interval and used as a
surrogate. This is described by the following equations. For details of each
parameter, and the final selected values, see Table 3.2.

Membrane time constant:

Tm = Cm R, (3.1)
Equilibrium potential:
Vaelt) = By + Ron(Lpn(t) + L(2) (3.2)

Input currents:
I =1y, + 1. (3.3)



3.2. NETWORK CONNECTIVITY 51

Membrane Potential:

AV, Vi — EL I
= — — 3.4
dt T, + Cm (3-4)

For a constant input current,

Vi (t) = Voo + (Vo — Voo) exp () (3.5)

Tm

where Vo = V,,,(t = 0)
To find the inter-spike interval without the refractory period (¢;s; — tres)
we assert that V,,, = Vi, and V) = Vyeger

*tisi - tre
Vth = Voo + (Vreset - Voo) exp (f> (36)

Tm

From this we find the inter-spike interval

Voo B Vrreset
Lisi — tref = Tm | 3.7
=i (Vi) .7)
This can also be expressed in the form In(1 + z) as
‘/th - V;‘eset
tisi=TmIn |14+ ———" tre 3.8
o (14 St (35)
and can therefore be approximated using In(1 + 2) & z, giving
V;ﬁh - Vtreset
tisi NTm | t’r‘e 3.9
§ ( VeV ) (39)
given f = t;
1 1
f= L ~ T (3.10)
o (14 Bl ) ey 7 (Y s
1 1
f = v v ~ v v (311)
T In (1 + EL i’;%'m. (?’)tfvth) +tref m (EL;)knt (TIF)?:thh) +tres
1
lim f(I)= (3.12)
I—o0 tres

Now that we have the f-I equation of the neuron, we create a tuning curve
for the firing rate f(0) when offset from the true direction (6y) by 6 according
to

f(g) — A+ Be]bfcosﬁf% (313)

where A, B, and M are constant parameters assigned to the values A = 8.95,
B =0.344, and M = 5.29, taken from [195].
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Having established the rate equation and the tuning curve, f, w, and u are
used to represent the firing rate from 3.13, synaptic weight, and synaptic input,
respectively. The profile for the synaptic weights is found using

Un [

T+

(3.14)

W

where fn, Wy, and w4, correspond to the nth Fourier coefficient of f, w, and
u respectively, and the value of A = 25824 is taken from the source material
[195].

The synaptic input is found using the inverse of the transfer function
described in 3.11. The synaptic weight w’(A#) can be defined as w;; =: w’(Af)
for discrete head directions, where 6;; is the degrees of separation between
the preferred directions of the cells at index ¢ and j. Therefore the discrete
equivalent to 3.14 can be written as
o (3.15)

A+ 1f7]

Then the Fast Fourier Transform was applied to the sequences of the tuning
curve and the synaptic input, giving F, and U. W could then be found
according to

w

. Ui E[4]

VV[Z]:XIGWE (3.16)

and the weights W can be found by taking the inverse Fast Fourier Transform
W= F Y (W)

However, when this was applied to the network, the spiking behaviour
was volatile and it was not possible to find a compatible shifting mechanism.
Shifting of the represented head direction would cause activity throughout
the whole network, so it is thought that due to the nature of the LIF neuron
operating on individual spikes rather than rate equations this approach wasn’t
compatible with the network. It also wasn’t possible to adopt a rate-based
model for the whole network due to the requirement for specific time-based
encodings elsewhere in the system. Therefore, the Synapse weightings described
below were found experimentally as discussed in Section 3.3.

In the absence of any inputs, the head direction layer must sustain its
activity for the representation of direction to persist. This is achieved by
connecting neurons that represent directions within 3° of one another via
strong excitatory connections with a weight of 50. To maintain the HOA and
prevent activity from spreading throughout the head direction layer, neurons
representing directions separated by more than 5° are connected via weak
inhibitory connections with a weight of -5. These connections can be seen in
Figure 3.2.

Excitation in the shift layers is driven entirely by the angular velocity inputs
from the IMU. The head direction layer doesn’t make excitatory connections to
the shift layers but instead makes global inhibitory connections with a weight
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Figure 3.2: The synaptic weights between neurons in the head direction layer.
of -10 to shift neurons representing directions separated by greater than 10°.
This approach was taken because combining inhibition with excitation is more
resistant to erroneous shifting than using summed excitatory connections to

trigger a shift [196]. These connections are shown in Figure 3.3.
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Figure 3.3: The synaptic weights between the head direction and shift layers.

These weights are considered reasonable for this implementation because
they produce the intended balance of local excitation, global inhibition, and
directional shifting. Specifically for this implementation, this means that the
HOA is self-sustaining and stable without angular velocity input, but can be
shifted when the corresponding shift layer is activated. These connections were
selected empirically as simulation parameters rather than having a biological
derivation.
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Each neuron in the shift clockwise (counter clockwise) layer is connected
to a cluster of neurons in the head direction layer that represent directions
within 5° of their own but offset 1 degree to the clockwise (counter clockwise)
to shift the HOA to the clockwise (counter clockwise). This uses a strong
excitatory connection with a weight of 72 to overcome existing activity that
may be occurring in the head direction layer; see Figure 3.4.

Shift Neuron to Head Direction Cell Connection Weights

— Right
Left

04
T T T T T T T T T T T T T T T
-16 -14 -12 -10 -8 -6 —4 -2 0 2 4 6 8 10 12 14 16
A Prefered Direction (Degrees)

Figure 3.4: The synaptic weights between each of the shift layers and the head
direction layer.

For a summary of all the network paramaters described previously, see
Tables 3.1 and 3.2, where all the neuron parameter values, and synaptic
connection ranges and weights are detailed. For a visualisation of the network
connectivity with details reduced to the connection polarity, see Figure 3.5

Table 3.1: The connectivity and synaptic weights found within the Head
Direction network.

Presynaptic Neuron | Postsynaptic Neuron | Weight | Range (Degrees)
Head direction Head direction -5 abs(i) > 5
Head direction Head direction 50 abs(i) <5
Head direction Shift —10 abs(i) > 10

Shift right Head direction 72 abs(i—1) <5
Shift left Head direction 72 abs(i+1) <5
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Figure 3.5: The connectivity within the Head Direction network at the neuron
level with connections focused around the neuron at index 0. Neuron 0 of
the Head Direction layer is connected via excitatory connections to its nearest
neighbours and inhibits distant head direction neurons. It also inhibits distant
shift neurons. The angular velocity input is fed as an excitatory signal directly
into the shift layer, but is counteracted in distant neurons by the inhibition.
Activity stimulated in Neuron 0 of the Shift layer connects via excitatory
connections to Neuron 1 of the Head Direction layer, meaning activity shifts in
the Head Direction layer.

Table 3.2: Neuron model parameters used in the Head Direction network.

Parameter Head Direction Layer Shift Layers
Neuron model iaf_psc_alpha iaf_psc_alpha
Resting potential, Ep, —54 mV —54.89 mV
Membrane capacitance, Cy, 125 pF 66.67 pF
Membrane time constant, 7, 25 ms 20 ms
Membrane resistance, R,, 0.2 GQ 0.3 GQ
Refractory period, t,ef 1.67 ms 1 ms
Threshold potential, Vi, —55 mV —55 mV
Reset potential, Vieget —65 mV —70 mV
Excitatory synaptic time con- 2 ms 2 ms
stant, Teyn ex

Inhibitory synaptic time constant, 2 ms 2 ms
Tsyn,in

Constant input current, I, 0 pA 0 pA

The parameters listed in Tables 3.1 and 3.2 were selected through empirical
refinement, as described in Section 3.3.2. Initial values were informed by NEST
[106] defaults to produce stable LIF neuron activity and to maintain a self-
sustaining HOA in the head direction layer. The connectivity weights were then
adjusted to balance maintaining the HOA without external input, preventing
saturation of the network, and allowing the shift layers to move the HOA in
response to angular velocity input. Parameter values were adjusted iteratively
until the network produced the desired response and were then tested on the
ECMD dataset.
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3.3 Testing

To validate the operation of the network, the following testing procedure was
designed and implemented. The process begins by confirming stable behaviour,
ensuring that the network can consistently preserve its internal representation
of direction. Next, the network is subjected to constant angular velocity
signals to ensure that the shifting mechanism is functional. The evaluation
then progresses to measuring the rate of shifting and examining how the rate
responds to different magnitudes of input value; here parameters are adjusted
to achieve an accurate mapping between angular velocity and shift rate. The
parameter sets which most accurately mapped angular velocity to shift rate
were then tested on the ECMD dataset to assess real world performance.

3.3.1 Angular Velocity Analysis

Throughout this chapter, angular velocity inputs are reported in rad/s, as these
are the units used in the dataset recordings. The output of the Head Direction
network is reported in degrees because the head direction layer contains 360
neurons, with each neuron corresponding to a 1° increment. Therefore, angular
velocity inputs and network direction outputs use different units; (rad/s) is
used for the input signal, while degrees are used for the network.

An analysis of the angular velocity values found in the dataset was performed
to identify the range of input values that required a linear f-I response. This is
done using the absolute values of the angular velocity data for the dataset. By
separating the right and left shift mechanisms the network only needs to respond
to positive shifting stimuli. The angular velocities were first plotted using a
histogram to show the distribution of values (see Figure 3.6) which revealed
that the recordings were focused around 0 rad/s. To get an understanding
of the specific values to focus accuracy of the network on the range, mean,
and standard deviation were then calculated; see Table 3.3. This revealed
that the network needed to be most accurate from 0 rad/s to 0.1 rad/s but
that the network could be exposed to angular velocities approaching 1 rad/s.
Having further established the range of values to prioritise in testing, a boxplot
of the angular velocities in each scenario of the ECMD dataset was created;
see Figure 3.7. Given the differences in road layouts and conditions it was
anticipated that the different scenarios would present different distributions of
angular velocities and therefore may result in the need to adjust the range of
controlled angular velocities that were tested. However, upon reviewing the
distribution of each scenario they were determined to be fairly consistent and
the initial range of values was deemed sufficient for assessing the appropriateness
of the network.
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Figure 3.6: The distribution of angular velocity recordings from the ECMD
dataset.

Table 3.3: A summary of descriptive statistics for the angular velocities recorded
in the ECMD dataset.

Measurement Angular Velocity (rad/s)
Minimum 0.000
Maximum 0.872

Mean 0.042
Standard Deviation 0.052

3.3.2 Network Tuning

Having analysed the distribution of the angular velocities recorded in the
ECMD dataset, the shift rate of the network was measured against angular
velocities ranging from 0 rad/s to 1 rad/s, and smaller intervals from 0 rad/s
to 0.1 rad/s. Given the focus of angular velocity recordings about 0 rad/s the
initial neuron parameters featured in the network were adjusted to make the
network more prone to shifting by removing the initial region where a small
input current doesn’t cause an activation within the neuron. This was done
by increasing the resting potential to be approximately equal to the threshold
potential, effectively shifting the f-I curve upwards to start at the origin to
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Figure 3.7: The angular velocity distributions for the ECMD dataset broken
down by scene.

more closely match a linear response; see Figure 3.8. From here, a range neuron
and network parameters were tested to find the most accurate mapping from
angular velocity to shift rate.

The accuracy of the network’s shift rate was assessed by applying a constant
input current, representing an angular velocity input, for 50 seconds and
recording the amount of rotation experienced by the network. To prevent the
cyclical connectivity of the network from interfering with measurements, the
network was extended to a width where the HOA would not reach the edge
and circle back round. Therefore, the rotation in degrees could be recorded as
the difference in index between the neuron at the centre of the HOA at the
end of the simulation and the start of the simulation; and the shift rate could
be found according to,

r=Aixt (3.17)

where r, Ai, and t are the shift rate, change in index, and simulation time,
respectively.

Using this testing methodology, a range of parameters were tested and
the shift rates were plotted against the ground truth angular velocity to find
the accuracy of the network’s shift rate; see Figure 3.9. The responses were
assessed and a selection of the most accurate parameter sets were selected to
be tested on the ECMD dataset; because the shift responses showed different
profiles and therefore deviated from the ground truth in different regions, it
was unknown which would provide the best direction tracking when applied
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to real-world recordings. Hence, multiple parameter sets were tested against
a subset of the dataset, and the most accurate was chosen; the shift rate in
response to constant, controlled angular velocities is shown in Figure 3.9.
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Figure 3.9: The shift rate of the Head Direction network when exposed to
constant angular velocity inputs. (a) Inputs from 0 to 1 rad/s at 0.05 rad/s
intervals to cover the entire range of angular velocities recorded in the ECMD
dataset. (b) Inputs from 0 to 0.1 rad/s to cover the majority of the angular
velocities recorded in the ECMD dataset at a 0.005 rad/s increments.

Based on the response observed in Figure 3.9 and the connectivity described
in Figure 3.5, for smaller angular velocities, which are most commonly observed
in the dataset, we are seeing the expected behaviour. Before the angular
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velocity begins, the network maintains a stationary HOA that inhibits activity
in the shift layers for indexes that are removed from the index of the HOA.
When the small angular velocity is injected into the corresponding shift layer,
only the shift neurons aligned with the head direction layer HOA become active
as the rest of the layer is inhibited. This activity then connects from the shift
layer back to the head direction layer, offset by one index in the direction
of the shift layer, causing the head direction layer HOA to be skewed in the
direction of the shift. With head direction layer connectivity creating a uniform,
self-sustaining HOA, when the angular velocity signal stops, the head direction
layer HOA settles and is now shifted in the direction of the angular velocity.

For larger angular velocities the rate of shifting does not respond linearly
to the angular velocity. Where angular velocities move beyond the range where
the shift response closely matches the ground truth, the network is expected to
rapidly accumulate error. For example, if the HOA is initially centred at 0°, a
large angular velocity may shift the network activity to 10° whereas the ground
truth has rotated to 20°. Given the nature of the Head Direction, this offset
would then be maintained throughout subsequent activity unless corrected by
an external reset signal.

3.4 Results

To test the accuracy of the network in a range of real-world environments,
it was run on the ECMD dataset [181]. The network activity and ground
truth directions are shown for all scenarios in the Appendix A.2 and the Mean
Absolute Error is shown in Table 3.4.

Table 3.4: The Mean Absolute Error (MAE) recorded between the Head
Direction network and the ground truth readings when applied to the ECMD
dataset.

\ Scenario | Daytime | Difficulty | Sequence | MAE (Degrees) |
Bridge day medium a 5.4
medium b 4.8
night difficult a 1.9
difficult b 3.1
Dense street day easy e 3.7
medium a 3.2
medium b 3.9
medium ¢ 2.5
medium circle b 7.5
night easy a 7.3
Highway day difficult a 14.3
difficult b 29.6
casy a 4.6
easy b 7.8
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medium a 7.2

medium b 8.7

medium c 11.0

night difficult c 2.3
difficult d 7.4

medium b 20.0

medium c 16.4

medium d 2.8
Suburban road day easy a 9.2
easy b 13.8

easy ¢ 2.2

easy d 9.9

easy e 13.1

easy f 8.6

medium a 69.3

medium b 7.7

medium c 3.6

medium d 2.8

night difficult a 4.2
medium a 5.8

medium b 27.5

Tunnel day difficult a 5.2
difficult b 6.3

easy a 8.9

easy b 6.2

easy c 6.8

easy d 2.4

medium a 4.9

Urban road day easy a 5.8
easy b 10.3

easy C 12.6

easy d 5.4

medium a 11.6

night difficult a 9.7
difficult b 2.4

difficult c 8.6

difficult rainy a 1.4

difficult rainy b 10.2

easy a 9.0

easy b 3.3

easy rainy a 11.9

medium a 11.0

medium b 3.1

medium c 5.5
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medium d 13.5
medium rainy a 2.5
medium rainy b 10.8

The effectiveness of this network is monitored using the Mean Absolute
Error between the ground truth direction and the centre of the HOA in the
head direction layer of the network. Given the normal distribution of the head
direction layer’s firing it is approximated that the network’s position is found to
be the neuron with the highest firing rate for the 100ms preceding the ground
truth reading. Hence, the network position is taken to be the modal neuron
index for firing activity in a 100ms window.

The network was able to track most sequences with a single digit Mean
Absolute Error, and achieved a modal error of 3° when rounding to integer
values; this was done because at a precision of 1 decimal place most scenarios
had distinct values meaning the modal value was not informative. The most
accurate sequence, Urban Road Night Difficult Rainy A (see Figure 3.10a),
achieved a Mean Absolute Error of 1.4°, while the least accurate sequence,
Suburban Road Day Medium A (see Figure 3.10b), achieved a Mean Absolute
Error of 69.3°. However, this result is considered to be an outlier with all of
the other sequences experiencing a Mean Absolute Error of less than 30°. In
addition to all of the results being included in the Appendix A.2, a selection
can also be seen in Figure 3.10.

When viewing the network activity against the ground truth direction, it
is apparent that there are two types of error that occur in the network. The
first is drift, where the network direction gradually deviates from the ground
truth direction because of there being a small difference between the vehicle’s
angular velocity and the angular velocity seen in the network. This results in
smaller errors, which grow in size as the simulation continues and can be seen
occurring several times in Figure 3.11.

The more notable source of errors, which causes larger and more persist-
ent errors, is when an offset occurs between the network direction and the
ground truth direction. Here, a large error accumulates rapidly, which is then
maintained as the network continues to shift accurately; see Figure 3.12. This
behaviour is particularly important when interpreting the two largest errors in
Table 3.4: Highway Day Difficult b and Suburban Road Day Medium b. In
both cases, the high MAE is a result of an offset error that occurs midway
through the sequence and following a large angular velocity. The large angular
velocity causes the network shift response to diverge from the ground truth
rotation rapidly and drastically. Once this offset is introduced, subsequent
shifts can still follow the shape of the ground truth direction but remain offset
from it, causing the large error to persist throughout the remainder of the
sequence.
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Figure 3.10: A subset of Head Direction network activity and ground truth
data for the ECMD dataset. (a) The sequence resulting in the lowest MAE.
(b) The sequence resulting in the highest MAE. (c¢)-(d) Additional sequences
showing accurate direction tracking behaviour.
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Figure 3.11: The error in the Head Direction network where drift over time is

observed.
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Figure 3.12: The error in the Head Direction network where a large error
appears rapidly and persists, resulting in a continued offset between the ground
truth direction and network direction. The beginning of the offset is circled
in orange, after which the persistence of the error is visible in the blue error
signal.

Given the presence of drift, the error of a sequence was plotted against it’s
runtime; see Figure 3.13. The presence of a positive trend was expected to be
seen in this data however, the plot actually reveal a clustering, implying that
drift is not a primary cause of error in the system. Therefore, further analysis
was performed on the results.

When grouping the sequences by Daytime, Difficulty, and Scenario (see
Table 3.5), we see that the greatest mismatch in errors occurs when the
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Figure 3.13: The mean absolute error plotted against the duration for each
sequence of the ECMD dataset.

sequences are grouped by scenario. This implies that environmental factors
could be influencing the error observed in the network; however, it could also
be because this grouping has the most categories and, therefore, the smallest
group size, these groups are more affected by single results with a large error.
Anecdotally, the offset errors seen in Figure 3.12 occur within the Highway and
Suburban Road scenarios, where the largest errors are also seen in Table 3.5
and Figure 3.14. It is hypothesised that an environmental factor might trigger
the occurrence of an offset although a unique characteristic of the activity
about these occurrences hasn’t been identified in the activity plots.

Table 3.5: The average MAE when grouping the sequences of the ECMD
dataset by time of day, difficulty, and scenario.

’ Group \ Value \ Average MAE (Degrees) ‘
Daytime Day 9.5
Night 8.1
Difficulty Easy 7.8
Medium 10.5
Difficult 7.6
Scenario Bridge 3.8
Dense Street 4.7
Highway 11.0
Suburban Road 13.7
Tunnel 5.8
Urban Road 7.8
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Figure 3.14: The distribution of the MAE when grouped by scenario.

3.5 Discussion

The results obtained from the empirically derived Head Direction network
demonstrate that a spiking neural network can be implemented using a bio-
inspired ring attractor network to track direction across a range of driving
scenarios. In the majority of the sequences from the ECMD dataset, the
network achieved single-digit accuracy, indicating that the bio-inspired approach
provides sufficient accuracy for real-world navigation tasks. The 3° modal error
also confirms that the network reliably maintains an accurate representation of
direction in most scenarios.

Despite most results being positive, two main sources of error were observed,
drift and offset. Drift occurred gradually when small discrepancies between
the angular velocity input and the network’s shift rate accumulated over time.
Although the magnitude of these errors was relatively small, their presence
highlights the sensitivity of direction tracking to mismatch between parameters
and noise that can occur in both the network and the sensors.

In contrast, offset errors represented more significant problems that arise
when the network loses touch with the ground truth, resulting in a large
persistent deviation which was reflected in the recorded errors despite the shift
rate continuing to function accurately afterwards. Such errors were particularly
detrimental, as they are uncommon and therefore unlikely to be corrected
locally; for example, through drift in the opposite direction.

These results show that the Head Direction network alone is insufficient
for continued accuracy as there is a need to correct the persistent offsets and
gradual build up of drift as these cannot be corrected locally by the network’s
dynamics. As a result, the system should incorporate external cues to relocalise
to known directions when they are detected. Equally, improving the accuracy



of the network’s shift response is important to reduce the effect of drift and
will probably also reduce the occurrences of offset errors.

From a hardware perspective, the Head Direction network is well suited to
implementation on neuromorphic hardware because it uses LIF neurons, sparse
spiking activity, and a fixed structure with a low synaptic density. The network
contains 1,080 neurons across the head direction and shift layers, which is
far smaller than the capacity of existing neuromorphic platforms discussed in
Section 1.2.1. Further optimisation could be achieved by reducing the angular
resolution where 1° precision is not required.

Taken together, these results and the consequent findings demonstrate
both the promise and the limitations of spiking neural networks for head
direction tracking in real-world applications. The ability to repeatedly maintain
accurate direction estimates in diverse real-world driving conditions validates
the approach as a biologically inspired solution. However, the observed drift
and offset errors highlight the need for integrating complementary signals and
refining the existing network mechanisms. Following the same principles that
proved successful in the generation of the Head Direction network, the following
chapter discusses how this is extended over 2 dimensions using a Grid network
to integrate velocity.
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Chapter 4

Velocity Integration

4.1 Introduction

Accurate localisation is a requirement for effective autonomous navigation,
particularly in environments lacking external cues. In biological systems,
spatial awareness is achieved through a complex network of specialised neuron
populations interacting with one another, most notably grid cells and place cells.
Velocity integration can be used to localise within self contained coordinate
systems through by replicating the behaviours observed in grid cells, enabling
neuromorphic navigation.

Biological grid cells exhibit a hexagonal firing pattern that performs path
integration, encoding a relative spatial position. In artificial systems, spiking
neurons, replicating grid cells, are used to continuously integrate motion cues.
In biological systems such a cue may originate from speed cells, but in neur-
omorphic application this signal can be derived from acceleration recordings
from an IMU, or directly through recording velocity. This grid network con-
structs an internal coordinate system that can be maintain its representation
of position as well as updated in real time, enabling the continuous tracking of
the agents position within the self contained coordinate system.

This chapter presents the theoretical framework for a velocity integration
system based on grid cell models. Regarding implementation and validation,
we present a network architecture and connectivity that creates a stable rep-
resentation of position within the grid coordinate system and shows shifting
behaviour, but are unable to create the predictable shift response to speed
signals needed for velocity integration.

Unlike the Head Direction, Place Cell, and Vision networks, here, a final set
of parameters is not presented because the implementation did not produce a
predictable shift response. Instead, the chapter reports the network architecture
and connection polarity, as well as observed limitations. This reflects the
intention to investigate extending the shift mechanism developed for the Head
Direction network into two-dimensional velocity integration. As no parameter
set produced reliable shifting, reporting a single final parameter table would
imply a functional implementation that was not achieved.

71
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Figure 4.1: An overview of the layers in the Grid network, and how they are
connected. For detailed, neuron level connectivity mapping see Figures 4.2, 4.3,
and 4.4. If the Grid Position neuron at (5,5) is active then it excites its
neighbours and inhibits distant Grid Position neurons. It also inhibits distant
neurons in the six Shift layers. The Head Direction signal inhibits the Shift
layers that don’t match the current Head Direction, meaning, only the Shift
neurons at similar (x, y) coordinates, in the Shift layer representing the current
Head Direction aren’t inhibited. Linear Speed attempts to excite all of the
Shift neurons, but only those that aren’t inhibited spike. These Shift neurons
connect back to the Grid Position layer one step in their designated direction,
meaning activity in the Grid Position layer shifts.
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4.2 Network Connectivity

The Grid network applies the same concepts as those seen in the head direction
network (see Chapter 3 and Figure 4.1), but does so with an added dimension
to integrate 2-dimensional movement rather than 1-dimensional changes in
direction. As such, the Grid network is formed using a torus network structure,
facilitating cyclical connectivity for continuously tracking all directions of planar
movement. The network consists of seven layers, each layer being made up of
an offset 10 by 10 grid of neurons. Within each layer of neurons, every other
row of the 10 by 10 grid is offset to create a regular, continuous triangular
lattice where each neuron represents a vertex; this spatial distribution of the
grid neurons can be seen in the connectivity plots such as Figure 4.2. These
layers are the grid position layer and six shift layers. Similarly to the head
direction network, the grid position layer uses a self-sustaining HOA [153] to
represent the agent’s current position within the grid. The six shift layers are
used to stimulate a movement of the HOA to be centred about their respective
neighbouring grid position neuron.

Conceptually the Grid network continues to mimic the head direction
network with the need for the representation of position to persist in the
absence of any input. As such, the neurons within the grid position layer
feature excitatory connections to their neighbouring neurons. To avoid the
aforementioned excitatory connections resulting in activations spreading across
the whole network, each neuron also makes inhibitory connections to those
neurons that are more than two ’steps’ removed from their position. These
connections can be seen in Figure 4.2.
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Figure 4.2: The connection polarity between neurons in the grid position layer.

The shift layers in the Grid network are driven by the speed signal discussed
in Section 4.3.1. The speed signal is connected to every neuron in all six shift
layers via equally weighted excitatory Synapses to drive equivalent excitation
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throughout the network. To modulate shifting activity, there are inhibitory
signals that originate from two sources, the grid position layer and the head
direction network. The grid position layer prevents shift neurons that are
not located in the same position as the current HOA from becoming active,
thus preventing erroneous shifts in position. This is done through inhibitory
connections to all shift neurons greater than two ’steps’ from the position of the
grid position neuron; see Figure 4.3. The head direction network is used inhibit
all of the shift layers which represent a that is different to the one represented
by the HOA within the head direction network. No specific connectivity or
weights were established for these inhibitory connections, as the grid network,
for reasons which are discussed later in Section 4.3.
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Figure 4.3: The regions where grid position neurons make inhibitory connections
to neurons in the shift layers.

The six shift layers allow for the shifting of activity in the grid position
layer by one ’step’ at increments of 60°. This is done by each layer forming
strong excitatory connections to neurons within one ’step’ of the neuron that
is offset from their current position by one ’step’ in the respective directions;
see Figure 4.4.

A summary of the aforementioned connectivity is found in Table 4.1

Table 4.1: The connectivity used in the Grid network

Presynaptic | Postsynaptic | Weight Range

Neuron Neuron

Grid position | Grid position -ve Vi —21)2+ (y—y1)? > 2

Grid position | Grid position | +ve Ve—z1)2+y—y)2 <1

Grid position | Shift -ve Ve —21)2+ (y—y1)2 > 2

Shift Grid position | +ve Ve —x1—Az)2+ (y—y1 — Ay)2 < 1
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Figure 4.4: The regions where the neurons in the shift layers make excitatory
connections to neurons in the grid position layer.

The speed signal was passed directly to neurons in the six shift layers as
an excitatory input current, allowing the magnitude of the input to modulate
the movement of the HOA via the Shift layers. Directional information was
not encoded as a separate feature; instead, the Head Direction network was
intended to select the relevant shift layer by inhibiting the shift layers that
did not correspond to the represented direction of travel. This encoding was
dictated by the spiking activity used in the Head Direction network, where
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motion is represented through movement of an existing HOA. As a result, the
Grid network could be assessed on whether its connectivity and shift-layer
dynamics were capable of producing stable velocity integration directly from
speed input.

The speed signal was passed directly to the Shift neurons as an input current
that was linearly proportional to the speed of the vehicle. This allowed the net-
work to be assessed for velocity integration without the need for preprocessing,
meaning the effect of the network connectivity and shift dynamics could be
assessed directly. Within the Grid Position layer, rate coding is used, where the
spike frequency denotes the proximity of each neuron to the centre of the HOA,
and therefore to the represented position. The Shift layers combine inputs
from the Grid Position layer with the speed input, with the active shift layer
determined by the direction represented by the Head Direction network. The
Shift layers then use time-to-first-spike to determine the rate at which activity
moves within the Grid Position layer.

4.3 Testing

To verify the functionality of the network, the following testing schedule was
conceived. Initially, stable behaviour of the network is verified, with the network
maintaining it’s representation of position. The network is then exposed to
a speed signal along a single shift direction to ensure a functioning shifting
mechanism. This progresses to recording the rate of movement and investigating
how the rate responds to different input values, and changing parameters to
accurately map speed to the rate of shifting. The ability to accurately scale
shifting according to speed is where the network failed. When testing network
parameters, a set of parameters wasn’t found that allowed the shifting rate of
the network to scale with the speed signal so the experiments following this
could not be run but are mentioned here to document the intended testing
process. From here directionality is introduced through an artificial head
direction signal, which is derived from the ground truth direction to control
for errors. The connectivity is designed to inhibit movement that doesn’t
approximately match the head direction; and weights are tested to scale the
rate of shifting off the shift axes. With shifting effectively managed for all
directions, different magnitudes of step size can now be introduced by changing
network parameters to create a range of different grid networks, operating over
different scales, which when combined encode absolute position in their activity.
At this point, the grid networks are developed and all of the aspects have been
independently tested, so it can be integrated into the wider system by replacing
the ground truth direction with the head direction network, and by adding the
place cell network, discussed in the next chapter.

4.3.1 Input Signals

The Grid network requires a speed signal to induce a shift of the HOA. The
IMU provides acceleration data so originally it was intended to drive the Grid
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network via a speed cell which tracked the speed of the vehicle through the
acceleration data recorded from the IMU. Investigating the accuracy of a speed
signal derived from IMU acceleration data revealed that it didn’t provide an
accurate estimate of speed, and calculating speed from ground truth positions
was used instead. To investigate how the IMU acceleration data correlated to
speed, an estimate of the speed was calculated from it according to,

v=u+at (4.1)

where v is the current speed; u and a are the speed and acceleration at the
time of the previous IMU reading; and t is the difference in seconds between
the current time and the time of the previous IMU reading. This was compared
against the speed estimated using the ground truth positions, assuming a direct
line of travel between points.

d=/(x —20)2 + (y — y0)? (4.2)

v =

d
; (4.3)
Where d is the distance between the ground truth readings, calculated using
(z,y) and (g, yo) the current and previous coordinates; and v is the current
speed, estimated using the distance and ¢, the time between the ground truth
readings.

A subset of the results of this analysis is shown in Figure 4.5. Given that
the speed calculated from the acceleration measurements was so significantly
different from those estimated through the ground truth, and that there was
no discernable pattern in the errors, it was decided to proceed with the speed
estimate from ground truth as the speed signal.

4.3.2 Speed Analysis

Having determined the source of the speed signal, and following from the
previous analysis of the angular velocities the same approach was employed
for analysing the speed signals (Section 3.3.1). The distribution of the speed
signals was plotted initially using a histogram (see Figure 4.6, revealing a
much larger range of values, as well as different distribution of values. It was
observed that, again, a significant number reading were focused around the
origin (0 m/s) and there was also a peak in the range of 15-20m/s. Mapping
the larger range of values found in the speed data, to the range found in the
angular velocity data can be handled by weighting the input Synapses, however
it was anticipated that mapping the distribution to the networks shifting profile
would be more challenging that for angular velocities. This is because having
peaks at the edges of the distribution requires accuracy at both extremes of
the mapping, and it is therefore challenging to map to the logarithmic profile
of the networks shift response to the linear response of the input throughout
the majority observed values.
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Figure 4.5: Estimations of the vehicle’s speed based on acceleration recordings
from the IMU, and using the position recorded in the ground truth data from

the ECMD dataset.
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Figure 4.6: The distribution of speeds estimated from the ground truth data
from the ECMD dataset.

Calculating the range, mean, and standard deviation further reinforced the
previous interpretation, showing that the speed data featured more of a normal
distribution; see Table 4.2. The mean and standard deviation highlighted the
need for accuracy through the middle of the range, 6-20m/s.

Table 4.2: A summary of descriptive metrics for the speeds estimated from the
ground truth data from the ECMD dataset.

Measurement Speed (m/s)
Minimum 0.0
Maximum 29.4

Mean 13.2
Standard Deviation 7.1

Finally, the speed data was grouped by scenario and plotted using boxplots
(see Figure 4.7 to show if the signals were consistent between environments. Here,
it was noted that different scenarios varied significantly in their distribution,
e.g. Dense Street vs Bridge, shown in Figure 4.7. This highlights the need
for accuracy across the whole mapping from velocity to shift rate for the Grid
network, and if this couldn’t be achieved was expected to show in results being
strongly correlated to their environment.
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Figure 4.7: The distributions of speeds for the ECMD dataset, grouped by
scene.

4.3.3 Network Tuning

By implementing the connection specification described in Section 4.2 the Grid
network produces a stable HOA, when the network isn’t receiving any inputs
(see Figure 4.8b and 4.8a). It is also observed that the HOA shows a uniform
spike rate according to distance from the receptive field. To verify a correct
spatial representation at the fringes of the network a position signal was also
induced at the corner of the network, showing how activity wraps around,
making cyclical connections in all directions; see Figure 4.8d and 4.8c.

Moving the HOA using the shifting mechanism is then tested by inhibiting
all of the shift layers except one. This is done to prevent the network from
attempting to shift in all directions at once, thus resulting in no movement
except for that which is induced through noise. A speed signal is introduced,
which is passed to all shift neurons. The shift neurons that are local to the
position of the HOA in the uninhibited shift layer become excited and create a
shift signal in their given direction, resulting in movement of the HOA. While
the network is stimulated by a speed signal, activity continues to shift along
the axis of the shift layer, resulting in uniform activity along this axis; see
Figure 4.9.

With the network successfully shifting activity, and the circular connectivity
working correctly, the same strategy previously used to record the shift rate of
the head direction network was used to record the shift rate of the Grid network.
Speed inputs, in the form of constant input currents, were injected into the
network. The network was extended in the direction of shifting (vertically) to
prevent the HOA from circling around the network, and the difference in start
and end position was recorded to determine the shift rate.

Following this test protocol, a range of parameter sets were tested, and
the shift rates were plotted against a linear shift response. In contrast to the
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Figure 4.8: The HOA in the grid position layer of the Grid network, tested at
the centre and fringe of the network.

angular velocity test, given that grid cells operate at a range of scales, meaning
the step size of the network is arbitrary; the focus of this test was not to
directly map the shift rate to the input speed. Instead, a linear shift response
was the goal and a way to modulate the gradient of this shift response would
facilitate the instantiation of multiple Grid networks, operating at different
scales and providing distinct coordinate systems.

The input weight or the membrane time constant was expected to modulate
the shift response of the network by scaling the input or scaling the volatility
of the network, respectively. However, the results of this testing revealed
significant instability within the network. Most tests caused the network to
saturate with activity spreading across all grid cells or remain static with the
input inducing no movement in the HOA. It was not possible to invoke a shift
response over a meaningful range of inputs and therefore the network failed to
perform velocity integration.

The input weight and the membrane time constant were selected as the
primary parameters for this search because they were expected to modulate
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Figure 4.9: The Grid network activity shifting as expected along the axis of
one of the shift layers to verify the functionality of the shift mechanism.
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the shift response of the network by scaling the input strength and altering
the responsiveness of the neurons, respectively. The search was performed by
fixing one parameter before iterating through the second parameter. Once
these responses had been evaluated, the first parameter was then incremented
before iterating through possible values of the second parameter again, until
the parameter space was exhausted. The search was stopped when parameter
changes no longer produced any movement of the HOA or resulted in instability
and saturation of the network. Therefore, while this does not rule out the
possibility that an alternative network design could produce velocity integration,
the parameter space tested here did not produce a stable and controllable shift
response.

The Grid network parameters were explored using the Head Direction
network as a starting point, because both networks rely on shifting a stable
HOA through recurrent attractor dynamics. However, extending the shift
mechanism from a one-dimensional ring to a two-dimensional toroid increased
the complexity of the connectivity and made the Head Direction parameters
ineffective. The parameter values were adjusted iteratively to test whether
the network could produce movement of the HOA, whether this movement
was controllable, and whether the network avoided saturation. Since no set of
tested parameters produced reliable velocity integration, a different network
structure is needed.

In summary, the network showed the desired stable behaviour, maintaining
a HOA. The shift mechanism was also shown to be effective, with the HOA
moving through the network with the introduction of a speed signal. However,
when the shift rate of the network was measured, it wasn’t possible to scale
the shift rate with the input meaning that the network can’t accurately track
movement at different input speeds. Therefore, the interaction between the
Head Direction network and the Grid network couldn’t be tested, and the grid
network couldn’t be applied to real-world data through the ECMD dataset. To
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account for this in the rest of the project, the expected Grid network activity
was calculated from the ground truth positions (referred to as the artificial grid
signal) and used as a surrogate.

4.4 Discussion

Having previously been unable to achieve the desired static and shifting beha-
viour, through a theoretical approach, an empirical approach was taken from
the outset to developing the Grid network. This was done because such an
approach had proven successful with the Head Direction network where there
are many parallels. Translating this implementation from 1 dimension to 2
dimensions resulted in the desired static behaviour and evidenced a functioning
shift mechanism.

Controlling the shift behaviour through modulation of the network and
neuron parameters failed to produce the desired shift response to input speed
signal, meaning that a functional Grid network couldn’t be implemented.

While the grid network demonstrated the ability to sustain stable activity
and to shift in response to an excitatory speed input, the inability to scale the
shift rate in proportion to the velocity input revealed a fundamental limitation
in the current design. The expected modulation of neuronal and network did
not produce the required shift response for velocity integration. Instead, the
network frequently lost stability, either saturating with universal excitation or
failed to respond, with the HOA remaining static. This shows that the network,
in its current state, is unable to respond effectively to the inputs found in the
ECMD dataset.

It is thought that these shortcoming are caused by two distinct sources,
the input distribution, and the spatial disparity between the Head Direction
network and the Grid network. The angular velocity recordings featured a
narrow range focused around 0 rad/s, the speed data exhibited multiple peaks
and a greater spread of values from approximately 0-30m/s. This made it
particularly difficult to achieve an accurate mapping between the input speed
and the shift rate that was valid across the full range of values. The speed data
also presented variations in it’s distribution between environments, a feature
that wasn’t present in the angular velocity data. However, this largely was
not experienced by the network due to it’s failure to pass testing before being
exposed to the real-world data.

The most probable cause for the premature failure of the Grid network
was the disparity between the Grid network and the Head Direction network,
where many of it’s features were borrowed from. The 2 dimensional nature
of the Grid network meant that increasing connectivity by 1 ’step’ increases
the number of neurons that the Presynaptic neuron connects to by a factor of
6, preventing granular tuning of network connectivity. It is thought that the
network is inherently less stable as a result of this and therefore a theoretical
approach is needed, as this facilitates more precise tuning to elicit the desired
behaviour.

Despite being ineffective in this instance, conceptually, the Grid network is
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well designed for implementation on neuromorphic hardware; using LIF neurons,
sparse activity, and low synapse density. With each grid scale consisting of 700
neurons, the neuron count remains low even when multiple scales are considered.
However, the results in this chapter show that the current connectivity and
parameters do not yet provide a stable velocity integration. This means that
the network cannot properly be appraised for implementation on neuromorphic
hardware, as the final, working implementation has not been established. It may
be that once working and transitioning to hardware the network is significantly
larger and features different connectivity.

Despite being ineffective in this instance, the Grid network remains concep-
tually well designed for implementation on neuromorphic hardware because
it uses LIF neurons and sparse activity. With each grid scale using 700 neur-
ons, the neuron count remains low even when multiple scales are considered.
However, the results in this chapter show that the current connectivity and
parameters do not yet provide stable velocity integration. Therefore, the net-
work cannot be fully appraised for hardware implementation until a functional
version has been established. It may be that once the network is working and
able to be mapped to hardware, a larger network or a different connectivity
pattern is required.

It is assumed that were the Grid network to function as intended, the
limitations seen in the Head Direction network would also be present here. Given
the assumed, shared limitations, it is also fair to assume that incorporating
external cues to trigger re-localisation within the local coordinate system would
account for persistent and gradual errors.

Although this implementation proved ineffective, stable state behaviour
and a shifting mechanism were shown to work. The concept also has biological
evidence and can still theoretically be translated into an artificial implementa-
tion through a different approach. Therefore, it is believed that Grid networks
are still a valid component of a bio-inspired neuromorphic navigation system
and going forward grid cell activity is emulated from ground truth recordings
to facilitate the completion of the project, without drifting into the realm of
infeasibility.



Chapter 5

Position Tracking

5.1 Introduction

Localisation is the process by which a system determines its position within an
environment. In biological systems, this capability is performed by specialised
place cells which are neurons that activate when an animal is in a specific
location within an environment. Each place cell corresponds to a particular
region in space, and when combined with other place cells, they form a map of
the environment through their combined activity. Neuromorphic navigation
systems can localise an agent within an environment using the same principles,
using place cells to represent specific known locations.

While grid cell activity repeats across an environment, each place cell
represents a distinct Place Field. Such a particular representation requires
larger amounts of preprocessing of the inputs than seen in the previous networks,
as well as more complex connectivity which in this case is achieved through
training. Here, this preprocessing is achieved by using grid signals to induce
place cell activity. The place cells are trained to be triggered by the grid cells
exclusively at their assigned location so that after training whenever the same
combination of grid activity is encountered the place cell again becomes active.

Chapter 4 attempted to create an internal coordinate system that performs
velocity integration. Using the integrated signals that are expected from
that work, this Chapter implements a method for training place cells to
perform localisation within a known environment. Using artificial grid signals
to mimic velocity integration over the ECMD dataset, allowing the place cells
to continuously localise the vehicle throughout the simulation.

5.2 Network and Training

Unlike the Head Direction and Grid networks the place cell network doesn’t
consist of multiple layers, or feature any connections within the layer. Instead,
the place cell network acts as an interpreter, condensing the activity of several
Grid networks, each operating at different scales, into a single position signal

85



86 CHAPTER 5. POSITION TRACKING

which is more easily digested by humans, or used downstream by other networks.

The Place Cell network receives grid-cell activity directly as its input,
allowing each place cell to operate independently as a coincidence detector
for a given Place Field. Unlike the Head Direction and Grid networks, the
timing of spikes is not used to encode a shift rate or motion update in this
network. Instead, activity in a place cell indicates that the combination of
active grid cells corresponds to the Place Field associated with that place cell.
This is closer to a temporal code than a rate-based encoding, as the relevant
information is whether a place cell becomes active at a specific moment in time.

The Place Cell network parameters listed in Table 5.1 were selected to
test whether grid-cell activity could be learned to represent a Place Field.
The default iaf_psc_alpha neuron parameters were used, avoiding neuronal
parameter tuning, with the expectation that training the Synapses would be
sufficient to form the required associations. The A and « parameters of the
stdp_synapses were manually adjusted during training to produce stable Place
Cell activation without causing saturation. Initially, A was set higher and «
lower to encourage synaptic weights to increase, with these values reducing as
training progressed, to avoid network saturation. Training signals were selected
to assign a distinct Place Cell for each Place Field.

Table 5.1: Key neuron and synapse parameters used in the Place Cell network.

Parameter Value

Neuron model iaf_psc_alpha

Resting potential, Er, —70 mV

Membrane capacitance, C,, 250 pF

Membrane time constant, 7, 10 ms

Refractory period, t,ef 2 ms

Threshold potential, Vi —55 mV

Reset potential, Vieset —70 mV

Excitatory synaptic time constant, Toyn ex 2 ms

Inhibitory synaptic time constant, Tsyn in 2 ms

Constant input current, I, 0 pA

Plastic synapse model stdp_synapse

acrshortstdp step size, A Manually adjusted through-
out training

acrshortstdp asymmetry parameter, o Manually adjusted through-
out training

5.2.1 Distance Analysis

Before the place cell network can be trained, a Place Field for each place cell
must be established so that an accurate ground truth signal can be created.
The Place Fields must be sufficiently precise as to create an informative signal
without being so fine grained that computational efficiency is jeopardised.
Therefore given the specific application of the place cells to driving scenarios,
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the distances covered by the ECMD dataset, and general road geometry were
analysed to determine an appropriate scale for the Place Fields.

In contrast to previous analyses, where the mean and standard deviation
were the focus, the minimum and maximum distances covered along the x and y
axes were deemed the most important. The reason for this is that this is where
the limits of the required neuron count and the required spatial granularity are
tested. These values can be seen in Table 5.2.

Table 5.2: The minimum and maximum distances covered by a single sequence
in the ECMD dataset along each axis.

Axis | Minimum (m) | Maximum (m)
X 35 2235
Y 3 9431

These values were then contextualised by plotting the distance distribution
for each scenario (see Figure 5.1), revealing whether the maximum values were
typical or should be handled individually by extending the size of the place cell
network. The maximum y distance of 9431m is found to be significantly larger
than any other distance along both the x and y axis, with most sequences
covering approximately 2000m.

The ground truth positions for all routes were plotted (see Appendix A.5)
and the existence of distinct paths that warranted distinguishing was analysed
(e.g., roads intersecting a map). For a subset of the aforementioned position
plots, see Figure 5.2.

Having established the upper limit for the scale of distances that required
unique positions to be tracked, a lower limit, which dictates the Place Field
scale, is investigated by analysing road geometry, more specifically lane widths.
In the United Kingdom, a single lane has a width of up to 3.65m, with a two
lane road of up to 7.3m in width [197], [198]. Given these measurements, the
width of a Place Field is dictated as 15m; meaning that this is the step size
between the central point of adjacent Place Fields. At this scale, it is unlikely
that adjacent roads share the same Place Field, while still only requiring a
single place cell to map across the width of larger roads, such as motorways
and dual carriageways. By dictating this level of granularity, and with prior
knowledge of the area covered by the ECMD routes we know that 200 place
cells are sufficient to cover all of the routes, excluding the longest sequence
where 750 place cells are needed. Having determined the scale at which the
place cells operate; the training and grid signals can be calculated.
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Figure 5.1: The distributions of the distances covered in the ECMD dataset,
grouped by scene.
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Figure 5.2: The ground truth positions for the ECMD sequences that covered
the largest, and smallest amount of distance along each axis.

5.2.2 Training Specification

The place cell network operates over two phases, which dictate its constitution;
training, and deployment. During the training phase, the place cells are
connected to the Grid networks through plastic Synapses that modulate their
weight according to STDP as defined by [199], [200]. After the training phase
has been completed, the final synaptic weights are recorded from the plastic
Synapses and applied to the network using static Synapses to prevent online
learning when the network is deployed; see Figure 5.3. Following deployment,
activity is triggered solely through grid activity.

Training the place cell network requires three input sources, an inhibitory
signal, a training signal, and grid activity. The inhibitory signal supplies
a constant current of 2nA (a synaptic weight of -1 makes this act as -2nA)
that is connected globally in a one-to-all fashion, i.e., the inhibitory signal is
connected to all the place cells throughout the duration of the training phase.
Thus, preventing unwanted spiking that would result in unwanted learning.
With the inhibitory signal preventing unwanted spikes, the network requires a
complementary excitatory signal to induce the desired spiking behaviour from
each place cell; this is the role of the training signal.
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Figure 5.3: An overview of the layers in the Place Cell network and how they
are connected in the training and deployment phases. The Grid Cells are
connected to the place cell network via all to all STDP Synapses, totalling
140,000 Synapses at the start of training. This is a for a network consisting
of 200 Place Cells, 100 Grid Position neurons per scale, and 7 scales of Grid.
Following training all of these connections are maintained, however many will
be 0 or close to 0, and could be pruned for comptational efficiency.

5.2.3 Input Signals

To enable the operation of the Place Cell network, artificially induced grid
signals are developed. The advantages of this approach are two fold. Firstly,
this provides contingency in the case that the Grid network isn’t successfully
be implemented; for this reason it was needed in this project. It also means
that the place cells learn the ’'correct’ grid signals for a Place Field instead of
erroneous signals where drift has occurred over the duration of the simulation.
This was done by creating a spiking input, with the same spatial structure
described in Chapter 4, that is connected to a grid layer, which also uses the
hexagonal lattice. Internally the grid layer is completely unconnected and
therefore relies entirely on the spiking input layer for it’s activity. Each spiking
input within the spiking input layer connects to the grid cell representing the
same position with a weight of 1000 and the neighbouring grid cells with a
weight of 600 to create a HOA. These weights were selected to ensure that the
neuron corresponding to the Place Field receives the strongest excitation and,
therefore, fires maximally, while neighbouring cells receive sufficient excitation
to broaden the activity into a HOA through a lower spike frequency, avoiding
the grid signal appearing to have multiple centres. When the activity moves
within the input layer, it also moves in the grid layer without any residual
signals at the previous position; see Figure 5.4.

With the ability to move the grid signals, find where the grid position
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Figure 5.4: The movement of the artificial grid signal as the ground truth
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right shows the artificial grid layer activity. The two areas of activity over each
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a cluster when plotted spatially (see (b). (b) The network activity plotted
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should be active at any given time must be calculated. The following describes
the generic transformation from the ground truth coordinate system to the grid
coordinate system, determining which grid cell should fire at a given real-world
position.

The positions (z;,y;) of each grid cell within the Grid network are described
by

3
,L' = ) —_ ol
v =1y (5.1)
Js when j is odd,
Yi =19 . .. (5.2)
j+ 0.5, when j is even.

where i and j are the indices of the neuron along the = and y axes, respectively.
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A ground truth coordinate (z4¢,y4¢) is reduced to the grid coordinate system
according to

Tge = 2 mod (T ﬁ) (5.3)

S

Yge = % mod (J) (5.4)
S

where I and J are the largest values of i and j, respectively, and d, is
the distance represented by one step in the grid coordinate system. The grid
cell with the coordinates (z;,y;), which are closest to (z4c, Ygc) is where the
activity is centred. Using this method, each time a new ground truth position
is recorded, the artificial grid signals can also be updated giving a new set of
activity.

The analysis performed in Section 5.2.1, and a Place Field size of 15m,
dictates the step size between grid positions. Seven grid signals with different
step sizes are used, scaling by a factor of approximately 1.5 to 1.9 between
sizes. These scaling factors were chosen to balance interpretability with optimal
performance based on [201]. The resulting step sizes are,

e 10m,
e 15m,
e 256m,
e 40m,
e 75m,
e 125m,
e 200m.

By having the smallest two grid step sizes less than or equal to the Place
Field step size, adjacent Place Fields are distinguished through the change
of grid signals. A single network using the same scale as the Place Fields
could perform this function but by using multiple step sizes, the onus is not
on a single signal to make this distinction; therefore, it is less likely to be
‘overpowered’ by competing signals making the implementation more robust.
Having large scale networks, up to 200m in step size, reduces the chances of
repeated signals occurring, especially over larger sequences, seen in Figure 5.1.

Having established the artificial grid signals, it is used with ground truth
data from the ECMD dataset, moving the HOA at 1 second intervals, when
the ground truth data is updated. This results in activity that moves through
the network according to where the vehicle path is integrated to, within the
Grid network; see Figure 5.5.
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Figure 5.5: The artificial grid activity showing different behaviour based on
the vehicle path.

With the input and training signals established and using the granularity of
a Place Field determined in Section 5.2.1, specific Place Fields are calculated
that cover the coordinates recorded in the ground truth data for ECMD
sequence, and each Place Field is assigned a place cell. Each place cell has
a corresponding training signal, formed by a step signal, which steps up to
3nA when the vehicle is within the cell’s corresponding Place Field and steps
down when it is not. Training signals are connected to place cells through
excitatory connections using a one-to-one connectivity scheme. The magnitude
of the inhibitory and training signals is arbitrary, provided the inhibitory signal
prevents unwanted excitation, and the training signal temporarily negates the
inhibition and induces activity. For details of the effects of the inhibitory and
training signals on a place cell see Figure 5.6.

The time to apply the excitatory training signal is calculated by finding the
minimum and maximum values along the x and y axes for each sequence. At
15m intervals along each axis, a Place Field is assigned. For each ground truth
position in a sequence the index of the nearest Place Field is found so that all
of the visited Place Fields have 1 second intervals where they were visited, and
those that weren’t visited are dropped. The remaining Place Fields are then
assigned a place cell. Each place cell receives the excitatory training signal for
the duration of the vehicle occupying it’s assigned Place Field.

Although synaptic weight updates are performed using STDP, an unsuper-
vised training mechanism, the use of an external training signal makes this
a supervised training process. This is because the training signal acts as a
supervisory signal, indicating which place cell should become active for each
Place Field, while STDP determines the synaptic weights that associate the
active grid pattern with that place cell.

During training, the weights between grid cells and place cells develop
according to how selectively each grid cell contributes to a given Place Field.
Grid cells that are active for a specific Place Field will repeatedly have concur-
rent activity with the corresponding place cell, causing these connections to
strengthen. In contrast, grid cells that are active across multiple Place Fields
will be associated with several place cells during training, preventing a single



94 CHAPTER 5. POSITION TRACKING

large synaptic weight from forming. As a result, trained weights are expected
to be strongest when grid activity is linked to a single Place Field and weaker
when shared between multiple Place Fields. This is intended as it allows each
Place Cell to learn a combination of grid signals, rather than relying on a single
grid cell response, although highly selective connections may also risk becoming
overfit and ineffective were the number of Place Fields to increase.
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Figure 5.6: The effects of the inhibitory, training, and grid signals, that are
used during the training phase, on a place cell.

All grid cells are connected to all place cells through plastic Synapses; it is
worth noting that following training, some connections may possess a weight
of 0 and therefore could be pruned. Using the rules of weight modulation
according to STDP, when the vehicle is in a given Place Field, the grid cells
that are simultaneously active have their synaptic weights increased to the
corresponding place cell. Each place cell learns the unique combination of
grid activity that occurs at it’s given Place Field, resulting in this activity
triggering the place cell independently of the training signal. At this stage, the
training phase ends and the network is ready to be deployed, to track position
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in real-world scenarios. An overview of the connectivity previously discussed is
shown in Figure 5.7.
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Figure 5.7: Place Cell network connectivity at the neuronal level during training.

5.3 Results

Training was solely reliant upon the effects of STDP to modulate synaptic
weight. Training was carried out running the network, with the training signals,
on a sequence, with STDP making small adjustments to the synaptic weights
during each test run. The network was then run on the sequence again, without
training signals, and with the synaptic weights made static, to test if the
place cells exhibited the desired behaviour. If the place cells firing was correct,
training ended, otherwise this process was repeated. After the place cells had
been trained on each sequences the following results were achieved.

Using the connectivity and signals described in Section 5.2, the Place Cell
network was trained and run on the ECMD dataset. Given the limitations of
the Grid network that was developed, this was only done using artificial grid
signals developed from the ground truth data. This means that the positions
corresponding to place cell firing are accurate, but there is still scope to analyse
the effectiveness of the training.

The place cells succeeded in learning the patterns exhibited by the grid
signals, producing the activity shown in 5.8; for all of the activity plots see
Appendix A.5. Due to the way in which the Place Fields were assigned to the
place cells, most of the results exhibit a similar behaviour to that shown in
Figure 5.8a, where activity progresses continuously through the network. This
results from the vehicle travelling steadily along a road without making repeated
visits to a Place Field. On shorter journeys, with less consistent speeds, the
vehicle can be seen to stop in a specific Place Field before continuing on; this
is most common in dense street scenarios and is probably due to traffic lights
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or other similar interruptions to the journey. This is shown in Figure 5.8b.
The behaviour in which the Place Fields were revisited is successfully shown
by Figures 5.8b, 5.8¢c, and ; showing the ability to use repeated grid signals
to localise to the same position repeatedly. Although the Place Cell network
sometimes showed activity returning to a place cell when a Place Field was
revisited, this didn’t happen on all of the occasions where the vehicle repeatedly
travelled along the same section of road. This is seen in Figure 5.8d where it
appears that the vehicle travelled along a road in one direction, made a U-turn
and returned in the opposite direction. The size of the Place Field was specified
to identify these journeys in opposing directions along the same road as being
in the same place; however, in this sequence, most activity is assigned to new
place cells. Therefore it is thought that the Place Fields aren’t adequately
sized to capture both sides of a road and need to be made larger to show the
intended behaviour.
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Figure 5.8: Place cell firing activity and the corresponding ground truth
trajectories. (a) The place cell activity when the vehicle exclusively enters new
Place Fields. (b) When the vehicle regularly stops along its journey this is also
reflected in the place cells. This is circled in purple. (c) When a Place Field is
revisited by the vehicle returning along the road in the opposite direction the
place cell becomes active again as circled in green, but this behaviour wasn’t
always shown, see the orange circle in (d).
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5.4 Discussion

The place cell network successfully learnt to map from multi-scale grid activity
to individual Place Fields to provide a localisation signal. Using artificial
grid signals, sourced from ground truth data, allowed STDP-based learning to
converge without issues around drift or other sources of error. As a result, the
trained network produced accurate representations of the position across the
ECMD sequences. Long, non-repeating trajectories, as seen on highways and
through tunnels, produced by continuous movement of activity through the
Place Cell network, without activity erroneously returning to previous place
cells; see Figure 5.8a. Dense urban environments produce choppy but equally
accurate activity where the vehicle’s progression was hindered; see Figure 5.8b.
Finally, when locations were revisited, this was often, but not always detected;
see Figure 5.8d. This shows that the scale and quantity of grid signals was
sufficient for the place cells to discern between positions, and that the use of
STDP was sufficient to learn these signals.

However, there are shortfalls to this implementation. The primary limita-
tion is the lack of authentic grid activity. Given that the place cells are reliant
upon the grid activity for localisation, means that the accuracy of this cannot
be assessed because the errors originate from the grid signals. Additionally,
encoding position using place cells, with a corresponding Place Field is good
when used within a greater neuromorphic navigation system, isn’t easily inter-
pretable for an absolute position. This is because neither the signal profile nor
the neuron index directly corresponds to the position of the vehicle. Instead,
each place cell has a Place Field, which must be assigned, and then stored;
to realise the position from the Place Cell network, the active cell must be
identified and its index must be noted, and using this index the corresponding
Place Field can be looked up to finally understand the position of the vehicle.
The final limitation is that at the current Place Field step size, when returning
along the opposite side of the same road, the network failed to localise to the
same Place Field and instead activity moved to new place cells. Larger Place
Fields should amend this limitation and should be investigated.

For mapping to neuromorphic hardware, the implementation of the Place
Cell network is suitable in terms of neuron count given most ECMD sequences
require approximately 200 place cells. However, the all-to-all plastic connectivity
between the grid cells and place cells creates a large number of Synapses
that connect relatively few neurons. This is particularly important for a
hardware implementation compared with simulation due to memory and routing
requirements, which are strongly affected by the number of active Synapses.
Therefore, while the network is feasible to implement on hardware, it would
be advisable to prune unused or weak connections after training, leaving a
sparse set of grid-to-place Synapses. This would preserve the effectiveness of
the training while minimising the potential issues associated with the Synapse
density when mapping to hardware.

In summary, the Place Cell network demonstrates that a bio-inspired
localisation mechanism can learn in order to contribute to a larger neuromorphic
navigation system; successfully mapping from signals mimicking grid cells
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to discrete Place Fields. The use of artificial grid signals prevents analysis
of the robustness and error rates of this implementation, but the proof of
concept is valid. The limitations identified reveal the need to refine the
implementation and highlight the need to tailor the network when adapting it
to different environments and applications. The focus of future work should
be on integrating authentic Grid networks and scaling the Place Fields for the
environment. Addressing these challenges will allow for accurate assessment of
the network and allow it to contribute as part of a larger bio-inspired navigation
system.
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Chapter 6

Visual Place Recognition
and Reset Mechanism

6.1 Introduction

In navigation tasks, the accumulation of errors is inevitable in even the most
robust systems. Without a mechanism for correction, drift can degrade loc-
alisation accuracy and lead to significant deviations from ground truth over
time. To address this, navigation systems can periodically reset their estimate
of position and direction by recognising previously known locations through
visual place recognition.

Visual place recognition can act to close loops within navigation systems.
When a system recognises a known location, it can correct the accumulated
error by aligning the systems estimated position and direction with stored
equivalents. The process of loop closure is essential for ensuring the accuracy
of localisation signals over extended periods.

In neuromorphic navigation systems, this reset mechanism can be implemen-
ted sending a signal triggered by visual place recognition networks, which run
from event-based vision sensors, to Head Direction and Grid Cell networks. A
spiking neural network processes the incoming visual event data and attempts
to match it to previously learnt visual representations of known places. Upon
successful recognition, the system can trigger a reset signal that resets both
the Head Direction and Grid Cell networks to the corresponding ground truth
states. This integration of visual place recognition with bio-inspired localisation
models allows the system to operate entirely using spiking neural networks and
offer more robust localisation signals due to the integrated error correction.

Stereo and monocular camera arrangements can be employed in place
recognition systems, each offering distinct advantages. Monocular systems
are compact and energy-efficient, making them well suited for applications
in robotics; however, they inherently lack depth information, which can limit
their robustness. Alternately, stereo systems can be used to provide depth
cues through disparity, allowing for more precise operation in spatial related

101
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tasks and improved performance in visually similar scenes. As such, the
choice between monocular and stereo configurations involves a balance between
computational efficiency and spatial complexity, meaning the optimal solution
is contextual.

This chapter presents the implementation of a spiking neural network for
performing visual place recognition on stereo event camera inputs and its role
in the reset mechanism used to correct the internal spatial signals in navigation
related networks. The structure of the vision network is introduced followed by
how it is trained to interface with the spatial networks. Finally, we discuss the
results that are achieved by adding a reset signal to the navigation networks.

6.2 Network Structure

For computational efficiency, the event camera outputs are reduced from
640x480 to 16x12 by combining the outputs of each 40x40 array of pixels to a
single event stream, which is input directly into the network. This was done
by altering the data at the source, but could equally be done in real time
by connecting each pixel array to a neuron within a 16x12 layer of spiking
neurons. The network is made up of a 16x16x12 cuboid of neurons with the
left event camera feeding into the front and the right event camera feeding into
the side. The neurons within the network don’t have any internal connectivity.
Instead, each pixel array is connected back, through the network, to every
neuron along its corresponding row, with the pixel array from the other event
camera doing the same, but perpendicular, since it is connecting from the
side. This means that every neuron represents a distinct pair of pixel arrays.
The pixel arrays are connected to the neurons with a synaptic weight of 300,
meaning that the neuron will only fire when both corresponding pixel arrays
are active. Therefore, the network pairs activity between the two event cameras
along the rows, converting the two 2D firing patterns into 3D firing. This is
shown in Figure 6.1.

The structure of the network preserves the spatial position of events for each
camera frame. Since the ECMD dataset provides stereo event-camera data, the
same physical object may generate events at different horizontal positions in the
left and right event streams. This horizontal difference is the disparity between
the cameras and provides a depth cue. In this implementation, disparity is
not explicitly calculated; instead, it is captured through the relative activity
patterns produced by the network from the left and right event-camera inputs.
As a result, the visual reset network can learn from the spatial pattern of event
activity, where the (x,y) location of active neurons encodes both scene structure
and stereo differences between the two cameras.
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Figure 6.1: The structure and connectivity of the visual processing part of
the stereo vision network. Showing the cuboid shape of the network and how
the two sets of event camera data are passed into the network perpendicularly.
Also shown is how the event cameras connect along an entire row.

The stereo vision network uses neurons as coincidence detectors, where
activity indicates that a particular pattern of event-camera input has occurred.
Neurons respond to coincident activity between the left and right event cameras,
allowing disparity to be captured through differences in the spatial location of
activity between the two inputs. This provides an implicit depth cue without
explicitly calculating disparity as a separate feature. The visual input is
therefore encoded directly from event-camera activity rather than through a
separate feature extraction stage. As with the Place Cell network, the relevant
output is the activation of neurons in response to coincident input activity,
rather than a precise temporal code or a manually extracted visual feature.

Feature extraction was not included because the aim of this chapter was
to assess whether a visual reset signal could be produced within the wider
event-based localisation system, rather than to introduce additional complexity.
Such a network would require separate design, training, optimisation, and
evaluation, adding further complexity on top of the Head Direction, Grid, Place
Cell, and reset mechanisms already developed in this thesis. Furthermore,
given the size of the ECMD dataset, manually identifying reliable landmarks
and optimal reset times across all sequences was not feasible. Using a simple
network and encoding allowed the reset mechanism to be evaluated while
keeping the implementation focused on the wider neuromorphic navigation
system.

The visual reset parameters listed in Table 6.1 were selected to test whether
event-camera activity could produce a reset signal for the localisation system.
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The default iaf_psc_alpha neuron parameters were used to avoid neuron-level
tuning, with the expectation that training the Synapses would be sufficient.
The parameters of the stdp_synapses were also left at their default values,
except for A and «, which were manually adjusted during training to produce
a reset response without causing immediate saturation. Initially, the A\ was
large and the o was small to cause synaptic weights to increase, but these
were reduced as the network was trained to avoid saturation. The reset times
were selected to provide known training points within each sequence, but were
only minimally optimised. The focus was to explore the feasibility of the reset
mechanism as part of the larger system.

Table 6.1: Key neuron and synapse parameters used in the Visual Reset
network.

Parameter Value

Neuron model iaf_psc_alpha

Resting potential, Ep, —70 mV

Membrane capacitance, Cp, 250 pF

Membrane time constant, 7, 10 ms

Refractory period, t;cf 2 ms

Threshold potential, Vi, —55 mV

Reset potential, Vieset —70 mV

Excitatory synaptic time constant, Teyn ex 2 ms

Inhibitory synaptic time constant, Tsyn in 2 ms

Constant input current, I, 0 pA

Plastic synapse model stdp_synapse

acrshortstdp step size, A Manually adjusted through-
out training

acrshortstdp asymmetry parameter, o Manually adjusted through-
out training

6.3 Network Operation

The vision networks connect to the output layers using an all-to-all connectivity,
so that every vision neuron is connected to every possible output neuron,
through STDP Synapses during training, and static, trained Synapse s during
deployment. The STDP Synapses are trained using the same signals and
methodology described in 5.2.2, and then converted to static Synapses once
the desired behaviour has been achieved.

To provide an output reset signal to the localisation networks, the vision
network must be able to interface with them, mapping the reset signal to the
correct spatial position. This could be done by connecting the vision network
directly to the localisation networks, but this would require the learned activity
to become dominant to overpower existing activity, without becoming too
strong and saturating through space or time. Instead, the vision network
creates an output layer for each localisation network that uses the same spatial
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structure, where each neuron connects to the corresponding neuron in the
spatial network and its neighbour, via strong excitatory connections. This
means that the vision network only has to excite a single neuron, which will
amplify the reset signal, and pass it to a group of neurons so the new signal
is self sustaining. The general connectivity for the training and deployment
phases for both vision networks is shown in Figure 6.2, as well as the output
layers to interface with the spatial networks that have previously been described
in the project. The vision network doesn’t connect directly to the Place Cell
network because the place cell activity is derived from the grid cell activity.
So, by resetting the activity of the grid cells, the Place Cell network also resets
to the known position.

Training Deployment
Global Grid Grid
Inhibition Layer 1 ] Layer 1
L1
1
. .
= . — —> ¢ —
Event Vision Event Vision
Camera Network Grid Camera Network Grid
_7 Layern 1 Layern
~
- Head Head
Trc_ﬂmnq irecti L5 birecti
Signal ; Layer Layer

Excitatory
Inhibitory Trained Excitatory Plastic Output
Synapse Synapse Synapse Synapse Synapse

Network
Layer

Input

Figure 6.2: An overview of the areas of the vision network and how they are
connected in the training and deployment phases.

The trained weights in the visual reset network are considered reasonable
when they produce a reset response at the intended time in the sequence,
without causing persistent activity or saturation. During training, visual
neurons that are active at the selected reset time strengthen their connections
to the corresponding spatial reset neuron, causing the network to associate that
specific event-camera activity with that known direction and position. However,
because the reset location is trained using a single traversal of a sequence, the
resulting weights may become overfit to the exact visual activity observed at
that point. The current ECMD dataset does not provide repeated traversals
of the same location under different conditions, so the network cannot learn
which visual features remain stable across changes in lighting, traffic, weather,
or viewing position. As a result, trained reset weights demonstrate that a
visual reset signal can be formed, but cannot be considered robust landmark
recognition.

The vision network is trained to provide a reset signal at the midpoint of
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each sequence in the ECMD dataset. This halves the maximum continuous
period to which the network is exposed to drift and should therefore have
the largest impact on accuracy, without the need to individually analyse each
sequence to find an optimal reset time. The results of this generic reset signal
are discussed in the next section.
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Figure 6.3: Reset signals from the vision network. (a) The head direction reset
signal. (b) The grid cell reset signal with a step size of 10m.

6.4 Results

The network was successfully trained to reset the head direction and grid
signals, and theoretically can also reset the place cell signals through resetting
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grid signals. Both monocular and stereo systems successfully learnt to associate
the event camera data at the midpoint of each sequence using the ground truth
position and direction, triggering a reset signal in each of the output layers; see
Figure 6.3. Given that the place cell network is run from artificial grid signals,
it isn’t possible to induce a reset through the Grid Cell network. However,
given that movement in the grid signals has been shown to move place cell
activity, and that a grid reset signal has been established, it is reasonably
assumed that the reset can induce a correction in the place cell network.

Further inspection of the activity in the output layers reveals that the head
direction and grid layers provide the same output signal. This is because the
network was only trained to recognise a single position, at a single time, so
the output layers could have been replaced by a single neuron and provided
the same functionality, but wouldn’t offer the ability to scale to multiple reset
positions or directions. When looking into the plausibility of triggering multiple
resets in the network the behaviour for when training was continued beyond
the desired reset being learnt was analysed. This revealed that the neuron that
is reset is quickly saturated with activity, throughout the simulation time; see
Figure 6.4, implying that the combination of the training scheme and vision
network doesn’t provide a robust solution, and that the attempting to train the
same direction or grid position to be associated with different scenes wouldn’t
be possible and would lead to saturation.

The vision network produced a reset in the head direction network for all
of the ECMD sequences (see Appendix A.7), and the new MAE is recorded
and compared in Table 6.2. Introducing a reset into the simulation reduced the
network error in the majority of sequences, and visual analysis of the sequences
for which the error increased reveals that adjusting the reset time for these
sequences would have produced improved accuracy; see Figures 6.5¢ and 6.5d.

The effective use of a reset is seen in Figure 6.5b, where drift has accumulated
during the first half of the sequence, which is corrected through the reset
mechanism. The direction is then tracked accurately for the remainder of
the sequence, reducing the observed MAE by over 13°. In contrast to this
Figure 6.5d shows the sequence that already exhibited the largest error without
a reset. This is exaggerated through the introduction of a reset, as the reset was
triggered slightly before the major offset error occurred, and moved the activity
in the direction of the offset error, therefore increasing it. This highlights
the importance of the timing of reset signals as ideally, it would be triggered
immediately following the offset error. However, this presents the issue of
needing to know when such errors may occur which isn’t necessarily possible
in real-world deployment.
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Figure 6.4: It was seen that when training was run beyond the desired reset
signal being achieved that the neuron would quickly saturate, no longer provid-
ing a useful reset signal.
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Figure 6.5: The activity in the Head Direction network with and without a
reset being induced at the midpoint of the simulation. (a) and (b) show the
effective use of a reset to reduce the recorded error. (c) and (d) show where a
reset increased the recorded error.

Table 6.2: Errors observed in the Head direction network for the ECMD dataset
with and without the reset mechanism. Recorded using the Mean Absolute
Error (MAE).

Scenario Daytime | Difficulty | Sequence | MAE MAE with
without Reset (De-
Reset grees)
(Degrees)
Bridge day medium a 5.4 2.1
medium b 4.8 3.5
night difficult a 1.9 1.7
difficult b 3.1 2.5
Dense day easy e 3.7 2.1
street
medium a 3.2 5.9
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medium b 3.9 4.9
medium ¢ 2.5 2.9
medium circleb | 7.5 9.0
night easy a 7.3 5.4
Highway day difficult a 14.3 12.0
difficult b 29.6 16.0
easy a 4.6 6.5
easy b 7.8 6.5
medium a 7.2 5.1
medium b 8.7 6.6
medium ¢ 11.0 6.1
night difficult c 2.3 2.9
difficult d 74 6.7
medium b 20.0 8.7
medium c 16.4 7.0
medium d 2.8 5.3
Suburban day easy a 9.2 5.0
road
easy b 13.8 5.7
easy ¢ 2.2 2.1
easy d 9.9 16.4
easy e 13.1 8.8
easy f 8.6 4.3
medium a 69.3 89.3
medium b 7.7 6.3
medium c 3.6 5.5
medium d 2.8 2.0
night difficult a 4.2 4.2
medium a 5.8 11.3
medium b 27.5 27.6
Tunnel day difficult a 5.2 3.3
difficult b 6.3 5.7
easy a 8.9 7.0
easy b 6.2 6.0
easy c 6.8 4.1
easy d 24 4.4
medium a 4.9 4.4
Urban road day easy a 5.8 11.6
easy b 10.3 3.8
easy c 12.6 9.7
easy d 5.4 4.7
medium a 11.6 7.8
night difficult a 9.7 5.6
difficult b 2.4 2.3
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difficult d 8.6 8.1
difficult rainy a | 1.4 2.2
difficult rainy b | 10.2 4.6

easy a 9.0 5.8

easy b 3.3 3.4

easy rainy a | 11.9 6.6
medium a 11.0 6.7
medium b 3.1 3.1
medium c 5.5 5.3
medium d 13.5 7.3
medium rainy a | 2.5 2.5
medium rainy b | 10.8 4.4

Given that the distribution of head direction errors have previously been
identified to be associated with the scenario, this was again investigated; see
Figure 6.6. The distribution of errors typically remained consistent with or
without a reset, but the median error and interquartile range were both notably
reduced across scenarios, showing that not only was the performance better
but that the signal could more be relied upon more consistently.
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Figure 6.6: The error distributions by scenario with and without the visual
reset signal.
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6.5 Discussion

The integration of a visual place recognition network with the spatial nav-
igation system provided a bio-inspired solution for loop closure in the head
direction and grid cell networks. The use of event-based stereo vision allowed
the network to detect scenes through temporal resolution and depth cues,
implied through disparity, providing a more robust recognition of known scenes.
The reset mechanism demonstrated a reduction of the MAE in many of the
ECMD sequences, and the tightened the error distributions across most driving
scenarios. These results evidence the feasibility of a neuromorphic navigation
system by integrating loop closure, and achieving it in a fully event-based
architecture. It also highlights the effectiveness of visual place recognition as a
trigger for loop closure, effectively resetting to the known position.

Despite the results showing promise for the concept, several limitations of
the current implementation were shown. The reset mechanism was trained to
recognise a single scene per sequence, the timing of which was not optimised.
Some resets were triggered at suboptimal times and increased the observed
errors; however, this could be overcome by curating the reset time for each
sequence. Ideally, the reset time would be identified dynamically from the
visual and velocity inputs. A more robust approach would be to trigger resets
only when the visual network detects a reliable landmark, or when the motion
input indicates a period likely to induce accumulated error. Such approaches
would reduce the dependence on manually selected reset times and would
allow the reset mechanism to operate more autonomously, either by improving
landmark-based loop closure or by correcting errors after periods of unreliable
path integration. However, this would introduce additional complexity through
a feature detection or landmark selection stage. More concerning is that the
vision network is sensitive to visual inputs, quickly saturating after the first
reset signal is learnt, implying that learning multiple reset times would result
in saturation of the network. It is believed that increasing the network size
and not grouping the event camera pixels could resolve this, but at great
computational cost.

The absence of a functioning grid cell network meant that the grid reset
signal couldn’t be applied to evidence the ability of the vision network to reset
position. Despite this, it is still fairly assumed that the implementation of a
grid reset signal is successful because the desired reset signal was achieved, and
resetting the grid signal works to move place cell activity. So the only missing
link is connecting the reset signal to a functioning grid network, and the use
of appropriate synaptic weights and connectivity would ensure that the reset
signal can override existing activity in a grid network.

For mapping to neuromorphic hardware, the visual reset network must also
consider compatibility with the event-camera input, although this should not
be problematic as both share the same operating principles using sparse and
asynchronous events. The current implementation of the network itself uses
dense connectivity between the visual network and the reset output layers,
which may place a significant synaptic load on the neuromorphic hardware.
This could be made more efficient by replacing dense, untrained mappings
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with sparse, trained Synapses where training can be performed offline, and in
simulation. This would reduce the memory and routing requirements imposed
by Synapses while preserving the low-latency benefit of producing an event-
based reset signal for the localisation networks.

In summary, the visual place recognition and reset mechanism presented
here demonstrates the feasibility of a fully event-based approach to loop closure
for neuromorphic navigation, through the integration of visual cues. Although
effective in correcting accumulated errors under controlled conditions, its
current limitations highlight the challenge faced when developing a system that
operates across the complex, variable environments encountered in real-world
driving, thereby showing the need for greater complexity going forward.
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Chapter 7

Conclusion

This thesis has explored a bio-inspired, fully event-based system for localisation
in driving scenarios, demonstrating the feasibility of combining SNNs with
event-cameras to create an end-to-end neuromorphic system. Taking inspiration
from mammalian navigation systems, the work has shown how head direction,
grid, and place cell networks can be adapted for use with inertial cues, recorded
using an IMU, and visual cues in real-world driving scenarios. The inclusion of
a stereo visual place recognition network provided a loop closure mechanism
that enabled the correction of accumulated errors, showing the capabilities
of entirely neuromorphic solutions in localisation tasks, and how these can
leverage the low latency and low power benefits of this computational approach.

The results show that the head direction network, implemented as an event-
based ring attractor network, was able to track direction with single digit
accuracy in a range of driving scenarios, highlighting the potential of SNNs for
real-world real-time navigation. However, it also revealed challenges related
to the implementation, such as drift caused by small mismatches between the
angular velocity and the shift rate of the network. In addition, the network
suffered from occasional large offset errors that persisted in the absence of
external correction.

The Grid network, demonstrated basic stability and a shift mechanism, but
did not achieve a reliable mapping from the speed input to shift rate. This
emphasises the need for a theory based network design when increasing the
complexity of the network, in this case through added dimensionality. Although
this implementation of the Grid network wasn’t successful it is still believed
that a network operating using the same principles can be constructed to
achieve this task.

The Place Cell network was trained from artificial grid cell signals, operating
at multiple scales, using STDP, and successfully mapped the artificial grid cell
signals to distinct Place Fields, thus providing a single spiking representation
of position. The primary limitation of Place Cell network was that when the
vehicle travelled repeatedly along the same road, activity in the network didn’t
always return to the same place cell instead moving to a new one. This shows
that the Place Fields should be scaled to wholly represent the breadth of the
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road to avoid assigning multiple Place Fields, and therefore place cells, to a
single road section.

The visual place recognition network demonstrated the capacity to trigger
effective reset signals that reduced the MAE of the Head Direction network in
many sequences, validating the concept of event-based visual place recognition
for loop closure. However, the sensitivity of the vision network to saturation
after learning a single reset location highlights the challenge of scaling to
multiple reset without scaling the network, incurring significant computational
cost.

Overall, this thesis provides a proof of concept for an end-to-end neur-
omorphic localisation system, from the sensor to the network’s output. It
shows that bio-inspired models can be adapted for engineering applications and
highlights the potential of Neuromorphic Computing for low latency, low power
solutions to autonomous navigation, with the specific contributions highlighted
in the following section. In addition to the capabilities that are demonstrated,
it also serves to show many avenues for future work, as detailed in the final
Section 7.2.

7.1 Contributions

This work makes several novel contributions to the field of neuromorphic
navigation by demonstrating how bio-inspired neural network architectures can
be adapted and integrated into an event-driven localisation system for real-world
driving scenarios. While previous studies have explored individual bio-inspired
components such as head direction or grid cells in simplified environments,
this thesis advances the field by attempting to create a combined system that
applies SNNs based on head direction, grid, and place cells to localisation using
real driving data.

The first key contribution lies in extending ring attractor networks for head
direction tracking to operate using spike timing, and applying this to real-world
driving scenarios. This is furthered by the addition of loop closure through
a visual place recognition network, with the whole system proven to operate
on real-world driving data. Secondly, while the method of tracking position
through grid and place cells remains incomplete, the training of place cells to
learn grid signals for continuously tracking position in driving scenarios is also
a novel contribution.

Across the contribution chapters, the proposed networks feature many
characteristics that are suitable for implementation on neuromorphic hardware.
The use of LIF neurons, sparse spiking activity, and event-based inputs allows
the system to utilise neuromorphic principles at all stages, thus translating
well to hardware. The Head Direction and Grid networks use predefined
attractor dynamics to represent direction and position, while the Place Cell
and visual reset networks demonstrate how learning can be used to provide
localisation and loop closure within an event-based network. It is in the latter,
trained networks that suitability for neuromorphic hardware cannot be judged
from neuron count alone, as dense Synapse connectivity can place significant
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demands on the hardware platform. Therefore, mapping to hardware would
be best performed after offline training to allow pruning to reduce the number
of Synapses. In addition to being mapped onto hardware, there are many
directions in which this work can be taken further to continue to contribute to
the field of Neuromorphic Computing; these are discussed in the next section.

7.2 Future Work

This thesis begins to demonstrate the feasibility of combining event-based
processing through bio-inspired representations of space for applied localisation
tasks. However, there is significant scope to go beyond what has been detailed
in this thesis, with many possible directions. These are completing a planar
navigation system, progressing the system onto neuromorphic hardware, ex-
tending networks to operate across three dimensions, and enabling autonomy
through landmark detection and learning, and dynamic resetting.

The obvious scope for future work is the development of a fully functioning
Grid network capable of scalable velocity integration thus creating a complete
planar localisation network. The main challenge lies in achieving a shift
response that responds proportionally to the speed input and can be adjusted
to facilitate multiple scales of grid step size. Since the Grid network is central
to the proposed navigation system, this would allow velocity integration to
provide a continuous internal position signal. This position could then be
interpreted by the Place Cell network, with loop closure triggered through the
visual reset mechanism, resulting in a full planar VIO system. Further work
should also consider how Place Field size is selected for different environments.
The results in this thesis show that improperly sized Place Fields can cause
repeated traversal of the same road to activate different place cells. A future
system should adapt the scale of Place Fields to the environment, balancing
the precision of localisation against the need to recognise the same physical
location when travelling along different lanes or in different directions.

The second direction is mapping the complete system onto neuromorphic
hardware, assessing efficiency and performance in an applied real world system.
The networks implemented in this thesis use simple LIF neurons and well
established training mechanisms, which means that mapping from simulation
to hardware should be straightforward. The neuron counts for each subnetwork
and the total network are also well within the capacities of current neuromorphic
platforms: the Head Direction network uses 1,080 neurons, the Grid network
uses 700 neurons per scale, the stereo vision network uses 3,072 neurons, and the
Place Cell network uses approximately 200 place cells for most ECMD sequences.
These values are small relative to the platforms discussed in Section 1.2.1,
which have been developed to support a large number of spiking neurons
and Synapses [20], [22], [94], [98], [99]. The more significant constraint when
transitioning to hardware is therefore likely to be the density of synaptic
connectivity, for example, the Place Cell network using all-to-all connectivity to
the many scales of Grid networks. To combat this, pruning strategies should be
implemented before transitioning to hardware; removing trained Synapses with
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negligible or zero weight, therefore replacing fully connected mappings with
sparse connectivity between the subnetworks. This would improve hardware
friendliness while retaining the event-based and low-latency advantages of the
system.

A hardware implementation would also allow the performance of the system
to be evaluated in terms of latency, power consumption, and the sparsity of
events. In simulation, all neuronal and Synapse states are calculated at each
time step regardless of activity. In neuromorphic hardware, power consumption
is more closely related to the membrane potential and volume of synaptic
events. This is beneficial for the proposed system given the sparse encoding
used in the Head Direction, Grid, Place Cell, and Vision networks, where only
small regions of each network denote activity at a given time. Therefore, future
work should assess the actual and predicted power consumption along with the
localisation capabilities of the network.

Another direction for future work lies in extending the dimensionality of
the system, using the same principles the localisation signals can be extended
from tracking planar movements into three-dimensional space. This would be
critical for applications where travel does not occur exclusively along a surface,
such as for UAVs and submersibles. In these instances, vertical movement is
possible and rotation is not constrained around the vertical axis. Extending
the system to accommodate an additional dimension would require the Head
Direction network to represent orientation beyond a single angle, moving from
a ring attractor to a spherical attractor. Similarly, the Grid network would
need to integrate velocity across all three dimensions rather than along a plane,
thus requiring a 4D equivalent of its current toroidal attractor network. This
would increase both the dimensionality and the connectivity of the spatial
networks, exacerbating the synaptic density problem discussed previously, if
such a network were mapped onto hardware. However, such an extension would
significantly increase the applicability of the system, enabling neuromorphic
localisation for aerial, underwater, and other unconstrained environments.

The introduction of autonomy through landmark detection and dynamic
resetting would enhance the applicability of the system to the real world. In this
thesis, the visual place recognition network is trained to produce reset signals at
predetermined points in each sequence. An ideal system would autonomously
detect reliable landmarks, associate them with the current Head Direction and
Place Cell representations, and store them as future reset locations. When the
same landmark is later detected, the system could dynamically reset to the
stored spatial representations, removing the need to predefine reset locations
and allowing the system to build a map of known landmarks during exploration.

Developing such a reset mechanism would require datasets that are spe-
cifically designed with repetitions of the same routes and landmark encounters.
Existing event-camera datasets provide recordings across different environments
and sensor configurations [181], [182], [185], [186]; however, a particularly use-
ful dataset for this system would contain many recordings of the same route
under different conditions. These should include different times of day, seasons,
weather conditions, traffic densities, and directions of travel. Such a dataset
would allow future work to implement visual networks that can learn stable
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landmarks that remain recognisable despite variation in the environment. This
would directly support the development of autonomous landmark learning for
robust loop closure and dynamic reset mechanisms.

Together, these directions would move the system from a proof of concept to
a robust exploratory framework for navigation based on neuromorphic hardware
and design principles. Completing planar velocity integration would provide
a functional baseline system that is capable in many day-to-day scenarios.
Mapping networks to hardware establishes the performance, efficiency, and
practicality of this approach when applied in the real world. Extending the
system to the third dimension expands the range of scenarios in which the system
can be deployed. Finally, enabling autonomy through landmark learning allows
the system to operate in unknown environments, performing an exploratory
function.
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Figure A.2: Network rotation measured in degrees. The input angular velocity

(recorded in rad/s) is seen in the title of each plot.
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Figure A.7: Head Direction network activity for the ECMD dataset.
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Figure A.8: Head Direction network activity for the ECMD dataset.



154 APPENDIX A. ADDITIONAL FIGURES

3509 . Events 350 o events
= Mode: 100ms window = Mode: 100ms window
300 + Ground Truth 300 « Ground Truth
_ 250 _ 250
o 8
14 g
2 200 g 200
=) e
5 150 5 150
2 2
100 100
50 50
o o
o 20000 40000 60000 80000 100000 120000 o 20000 40000 60000 80000 100000 120000
“Time (ms) Time (ms)
350 . Events 301 . Events
« Mode: 100ms window + Mode: 100ms window
300 « Ground Truth 3001 + Ground Truth
_ 250 _ 250
g g
g 200 2 200
e )
2 2
5 150 5 150
3 3
E 2
100 100
50 50
o
o 20000 40000 60000 80000 100000 120000 o 20000 40000 60000 80000 100000 120000
ime (ms) Time (ms)
350 .« Events 30 o events
« Mode: 100ms window = Mode: 100ms window
300 « Ground Truth 300 « Ground Truth
_ 250 _ 250
3 i
5 &
200 2 200
8 8
5 150 5 150
2 2
100 100
50 s0
o o
0 20000 40000 60000 80000 100000 120000 o 10000 20000 30000 40000 50000 60000
ime (ms) Time (ms)
350 « Events 350 -« Events
« Mode: 100ms window « Mode: 100ms window
300 « Ground Truth 300 = Ground Truth
_ 250 _ 250
g g
g 200 g 200
e )
2 2
5 150 5 150
3 3
2 E
100 100
50 50
o
0 20000 40000 60000 80000 100000 120000 140000 o 20000 40000 60000 80000 100000
Time (ms) Time (ms)

() (h)

Figure A.9: Head Direction network activity for the ECMD dataset.
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Figure A.10: Head Direction network activity for the ECMD dataset.
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Figure A.11: Head Direction network activity for the ECMD dataset.
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Figure A.12: Head Direction network activity for the ECMD dataset.
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Figure A.13: Head Direction network activity for the ECMD dataset.



A.2. HEAD DIRECTION NETWORK ACTIVITY 159

350 . Events 30 « Events
+ Mode: 100ms window = Mode: 100ms window
300 = Ground Truth 300 « Ground Truth
_ 250 _ 250
H i
g 4
g 200 2 200
c )
S 150 5 150
2 2
100 100
50 50
o
0 10000 20000 30000 40000 50000 60000 70000 0 20000 40000 60000 80000 100000 120000
Time (ms) “Time (ms)
350 . Events 330 0
« Mode: 100ms window .
300 = Ground Truth 300 .
_ 250 _ 250
d g
g 200 2 200
e )
e — g
5 150 5 150
g 3
2 2
100 100
50 50
o
o 1000 2000 3000 4000 5000 6000 0 20000 40000 60000 80000 100000 120000
Time (ms) Time (ms)
350 . Events 30 « Even
+ Mode: 100ms window - Mode: 100ms window
300 = Ground Truth 300 « Ground Truth
_ 250 _ 250
H i
& 5
200 2 200
g £ r————
5 150 5 150
2 2
100 100
50 50
o o
o 20000 40000 60000 80000 100000 o 2000 4000 6000 8000 10000
“Time (ms)
350 . Events
« Mode: 100ms window
300 - Ground Truth
_ 250
4
g 200
e
2
£ 150
g
2
100
50
o
0 20000 40000 60000 80000 100000 120000

(g)

Figure A.14: Head Direction network activity for the ECMD dataset.
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Figure A.15: Direction errors recorded in the Head Direction network when
run on the ECMD dataset.
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Figure A.16: Direction errors recorded in the Head Direction network when
run on the ECMD dataset.
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Figure A.18: Direction errors recorded in the Head Direction network when
run on the ECMD dataset.
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Figure A.20: Direction errors recorded in the Head Direction network when
run on the ECMD dataset.
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Figure A.22: Direction errors recorded in the Head Direction network when
run on the ECMD dataset.
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A.4 Artificial Grid Signals

Figure A.23: The artificial grid signals developed from ground truth positions.
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Figure A.24: The artificial grid signals developed from ground truth positions.
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Figure A.25: The artificial grid signals developed from ground truth positions.
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Figure A.26: The artificial grid signals developed from ground truth positions.
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Figure A.27: The artificial grid signals developed from ground truth positions.




A.4. ARTIFICIAL GRID SIGNALS 173

L L L
EEREann
ERNSEEN
ENEENRE

g
oo &

.
¢

(g)
B | aF.
(h)

Figure A.28: The artificial grid signals developed from ground truth positions.
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Figure A.29: The artificial grid signals developed from ground truth positions.
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Figure A.30: The artificial grid signals developed from ground truth positions.
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A.5 Place Cell Network Activity
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Figure A.31: Place Cell network activity accompanied by the corresponding
ground truth trajectory.
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Figure A.32: Place Cell network activity accompanied by the corresponding
ground truth trajectory.
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Figure A.33: Place Cell network activity accompanied by the corresponding

ground truth trajectory.
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Figure A.34: Place Cell network activity accompanied by the corresponding
ground truth trajectory.
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Figure A.35: Place Cell network activity accompanied by the corresponding
ground truth trajectory.
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Figure A.36: Place Cell network activity accompanied by the corresponding
ground truth trajectory.
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Figure A.37: Place Cell network activity accompanied by the corresponding

ground truth trajectory.
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Figure A.38: Place Cell network activity accompanied by the corresponding
ground truth trajectory.
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Figure A.39: Place Cell network activity accompanied by the corresponding

ground truth trajectory.
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Figure A.40: Place Cell network activity accompanied by the corresponding

ground truth trajectory.
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Figure A.41: Place Cell network activity accompanied by the corresponding
ground truth trajectory.
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Figure A.42: Place Cell network activity accompanied by the corresponding
ground truth trajectory.
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Figure A.43: Place Cell network activity accompanied by the corresponding
ground truth trajectory.
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Figure A.44: Place Cell network activity accompanied by the corresponding
ground truth trajectory.
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Figure A.45: Place Cell network activity accompanied by the corresponding
ground truth trajectory.
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Figure A.46: Place Cell network activity accompanied by the corresponding
ground truth trajectory.
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A.6 Visual Place Recognition Network Reset

Signals

Bridge day medium a

350
300
250
3
£ 200 -
g
2 150
2
100
0
o
20000 40000 60000 80000 100000
Time (ms)
Bridge day medium b
350
300
250
£ 200
3 150
2
100
50

Time (ms)

(c)

Bridge night difficult a

o
0 10000 20000 30000 40000 50000 60000 70000 80000

Neuron Index

20000 40000 60000 80000
Time (ms)

()

100000

120000

Neuron Index

Neuron Index

Neuron Index

100

100

Bridge day medium a

o 20000

40000 60000 80000 100000
Time (ms)

(b)

Bridge day medium b

100

0 10000 20000 30000 40000 50000 60000 70000 80000

Time (ms)

(d)

Bridge night difficult a

o 20000

40000 60000 80000 100000 120000
Time (ms)

(f)

Figure A.47: The reset signals from the Vision network for each ECMD sequence
on each row. The Head Direction reset shown on the left and the Grid (step

size 10m) reset shown on the right.
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Figure A.48: The reset signals from the Vision network for each ECMD sequence
on each row. The Head Direction reset shown on the left and the Grid (step

size 10m) reset shown on the right.
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Figure A.49: The reset signals from the Vision network for each ECMD sequence
on each row. The Head Direction reset shown on the left and the Grid (step

size 10m) reset shown on the right.
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Figure A.50: The reset signals from the Vision network for each ECMD sequence
on each row. The Head Direction reset shown on the left and the Grid (step

size 10m) reset shown on the right.
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Figure A.51: The reset signals from the Vision network for each ECMD sequence
on each row. The Head Direction reset shown on the left and the Grid (step

size 10m) reset shown on the right.
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Figure A.52: The reset signals from the Vision network for each ECMD sequence
on each row. The Head Direction reset shown on the left and the Grid (step

size 10m) reset shown on the right.
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Figure A.53: The reset signals from the Vision network for each ECMD sequence
on each row. The Head Direction reset shown on the left and the Grid (step
size 10m) reset shown on the right.
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Figure A.54: The reset signals from the Vision network for each ECMD sequence
on each row. The Head Direction reset shown on the left and the Grid (step
size 10m) reset shown on the right.
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Figure A.55: The reset signals from the Vision network for each ECMD sequence
on each row. The Head Direction reset shown on the left and the Grid (step

size 10m) reset shown on the right.
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Figure A.56: The reset signals from the Vision network for each ECMD sequence
on each row. The Head Direction reset shown on the left and the Grid (step
size 10m) reset shown on the right.
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Figure A.57: The reset signals from the Vision network for each ECMD sequence
on each row. The Head Direction reset shown on the left and the Grid (step

size 10m) reset shown on the right.
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Figure A.58: The reset signals from the Vision network for each ECMD sequence
on each row. The Head Direction reset shown on the left and the Grid (step

size 10m) reset shown on the right.
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Figure A.59: The reset signals from the Vision network for each ECMD sequence
on each row. The Head Direction reset shown on the left and the Grid (step
size 10m) reset shown on the right.
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Figure A.60: The reset signals from the Vision network for each ECMD sequence
on each row. The Head Direction reset shown on the left and the Grid (step

size 10m) reset shown on the right.
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Figure A.61: The reset signals from the Vision network for each ECMD sequence
on each row. The Head Direction reset shown on the left and the Grid (step

size 10m) reset shown on the right.
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Figure A.62: The reset signals from the Vision network for each ECMD sequence
on each row. The Head Direction reset shown on the left and the Grid (step

size 10m) reset shown on the right.
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A.7 Head Direction Network Activity with a
Reset Signal
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Figure A.63: Head Direction network activity with a reset at the midpoint of
the simulation for the ECMD dataset.
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Figure A.64: Head Direction network activity with a reset at the midpoint of
the simulation for the ECMD dataset.
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Figure A.65: Head Direction network activity with a reset at the midpoint of

the simulation for the ECMD dataset.
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Figure A.66: Head Direction network activity with a reset at the midpoint of

the simulation for the ECMD dataset.
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Figure A.67: Head Direction network activity with a reset at the midpoint of
the simulation for the ECMD dataset.
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Figure A.68: Head Direction network activity with a reset at the midpoint of

the simulation for the ECMD dataset.



214

APPENDIX A. ADDITIONAL FIGURES

Heading (Degrees)

Heading (Degrees)

Heading (Degrees)

Heading (Degrees)

Figure A.69: Head Direction network activity with a reset at the midpoint of
the simulation for the ECMD dataset.
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Figure A.70: Head Direction network activity with a reset at the midpoint of

the simulation for the ECMD dataset.
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A.8 Head Direction Network Errors Against
Time with a Reset Signal
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Figure A.71: Direction errors recorded in the Head Direction network when
run on the ECMD dataset with a reset at the midpoint of each sequence.
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Figure A.72: Direction errors recorded in the Head Direction network when
run on the ECMD dataset with a reset at the midpoint of each sequence.
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Figure A.73: Direction errors recorded in the Head Direction network when
run on the ECMD dataset with a reset at the midpoint of each sequence.
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Figure A.74: Direction errors recorded in the Head Direction network when
run on the ECMD dataset with a reset at the midpoint of each sequence.
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Figure A.75: Direction errors recorded in the Head Direction network when
run on the ECMD dataset with a reset at the midpoint of each sequence.
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Figure A.76: Direction errors recorded in the Head Direction network when
run on the ECMD dataset with a reset at the midpoint of each sequence.
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Figure A.77: Direction errors recorded in the Head Direction network when
run on the ECMD dataset with a reset at the midpoint of each sequence.
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Figure A.78: Direction errors recorded in the Head Direction network when
run on the ECMD dataset with a reset at the midpoint of each sequence.
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Event-Based Direction Tracking Using Neuromorphic
Methods

Gregor Mackenzie
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Abstract

The ability to track direction is a key challenge for animals and in engineering
applications when navigation is concerned. With the growth of neuromorphic com-
puting and the prominence of neural networks it is common to look to biological
systems for inspiration. Neuroscience provides evidence of head direction neurons,
which specialise in tracking the direction of the agent. A head direction network
which features a robust loop closure mechanism applied to complex data, such as
driving scenarios, is yet to be demonstrated. Here an event-based head direction
system is applied to real-world driving scenarios and combined with a visual reset
which is triggered by an event camera. This develops on previous work, where
there has been a lack of reset mechanisms for loop closure or the reset has been
triggered by a simple feature, requiring no complex visual system. It also aims
to offer a basis for creating a visual inertial odometry system requiring only data
acquired by an event-camera and its integrated Inertial Measurement Unit (IMU).

1 Introduction

A crucial component of any system aiming to tackle odometry is the ability to accurately and reliably
track the direction of an agent at any given time. While there are many approaches for this, the
emerging field of neuromorphic computing is one which is largely unexplored for this application
despite the biological models available [1]. Inspired by biological neural networks, neuromorphic
computing uses Spiking Neural Networks (SNNs) for computation, a type of neural network which
has been described as the third generation of neural networks [2].

SNNs differ from traditional neural networks by encoding information in the timing of spikes. They
can be both faster and more efficient than traditional neural networks [3], since the neuron network is
only active, and thus drawing power, during events compared to the continuous output of a traditional
analog neuron. Such behaviour allows spiking neurons to intrinsically act as low latency, coincidence
detectors [4], a property that can be exploited for operation in dynamic environments.

In addition to novel computing paradigms Neuromorphic computing has also seen the emergence
of event-based sensors [5], with the most applicable to this work being event-cameras. Where a
frame-based camera captures the absolute intensity for all of the pixels at regular intervals, in an
event-camera the individual pixels operate independently and asynchronously to detect increases
(decreases) in intensity and updates with a positive (negative) event whenever this change exceeds
a threshold [6]. The result of this is that in the absence of relative motion nothing will be detected,
giving low power operation, but in fast-paced environments information is captured at a much higher
rate, eradicating motion blur and minimising latency [7, 8].

Preprint. Under review.



By taking inspiration from biological systems for tracking direction it is possible to utilise the intrinsic
property of event-based operation exhibited by event-cameras and SNNs to create a homogeneous
head direction system which is end-to-end event-based.

In this work the concept of a visual reset has been combined with a head direction network capable
of accurately tracking direction across the range of angular velocities found in the ECMD driving
dataset [9]. Beyond this a vision network is used to detect complex scenes and inter-network synapses
are trained to build associations between scenes and specific directions.

2 Related work

The concept of specialist cell types in the brain is not a new one, with recording and analysis of
direction and visual processing having been well studied in neuroscience. As a result, models for
the operations of these systems have been long established [1, 10-13]. However with the emergence
of neuromorphic computing, concepts and models from neuroscience are now more prevalent in
engineering applications, with head direction and vision networks being no exception to this [14—17].

Krieser et al. [15] implemented a head direction network capable of a visual reset on a neuromorphic
platform. Initially the network operated at a single angular velocity and reset to a single position
indicated by a flashing diode. Following this a more complex system capable of operating at four
angular velocities was shown [18]. For mobile robotics applications either one or a limited number of
rates of rotation could and were shown to offer reasonable accuracy, however for an agent with an
unconstrained angular velocity it can be assumed that errors would build quickly. The visual reset
is proven to be functional but for more complex scenarios there is a need to distinguish scenes and
landmarks which is not present.

More recently a head direction network using a ring structure was shown to be accurate over a range
of angular velocities and implemented across multiple simulated and real-world scenarios [14]. This
implementation is however purely a head direction network without any loop closure mechanism
such as a visual reset. As such accuracy would be expected to degrade over time due to drift, however
minimal it may be, or due to erroneous or noisy inputs.

There have been many implementations concerning event-based vision and navigation however the
focus, typically, has either been to seek a target [19] or avoid an obstacle [20]. Such approaches
however, don’t translate to the task of scene detection required for a visual reset. Instead inspiration
can be drawn from biological visual processing where lines are detected and used for cognitive
processing [21].

3 System overview

The system consists of two distinct networks, a head direction network, for continuously tracking
direction, and a vision network for detecting known scenes and thus triggering a visual reset. Both
networks are run entirely using inputs from an event-camera (specifically a DVXplorer) with the
angular velocity data coming from the event-camera’s built in IMU.

3.1 Head direction network

The head direction network is formed using a ring network structure consisting of four layers (shown
in Fig. 1), with each layer made up of 360 neurons, giving 1 degree increments. These layers are the
head direction layer, two shift layers and a reset layer. The head direction layer uses a self-sustaining
‘hill of activity’ [22], to represent the current direction of the system. The two shift layers are used to
stimulate a movement of the network left and right respectively, and the integrated head direction
layer provides a mechanism through which the head direction layers activity can be reset to a new
position.

In the absence of any inputs the head direction layer must sustain its activity for the representation of
direction to persist. This is achieved by connecting neurons with a close proximity to one another with
excitatory connections and neurons that are distantly spaced with inhibitory connections (specific
weights and distances can be seen in Fig. 2). Excitation in the shift layers is driven entirely by
angular velocity inputs from the IMU to provide stimulation. The head direction layer makes no
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Figure 1: An overview of the system used to track the orientation of the vehicle. The angular velocity
recorded from an IMU integrated into the event-camera is input into the head direction network. The
events from the event-camera are input into the vision network which connects to the head direction
network using synapses which are trained using Spike-Timing-Dependent Plasticity (STDP) to trigger
visual resets. Including a view of the head direction network topology showing how direction can be
continuously represented and shifted and the vision network showing the triangular structure and
connectivity for one column of pooled input pixels.

excitatory connections to the shift layer but instead makes inhibitory connections to shift neurons
which represent a significant difference of direction whether left or right. This is because combining
inhibition with excitation is more robust [23] to shifting caused erroneously by noise than relying on
summing excitatory connections to cause a shift. Any given neuron in the shift layer is connected to
a small cluster of neurons in the head direction layer to move the "hill of activity’ to this new location.
To enable the shifting mechanism to move activity around the network, an offset of one neuron (1
degree) in the respective direction of the shifting layer is applied when connecting the shifting neuron
to the head direction layer. This can all be seen in Fig. 2.

While this network is capable of integrating angular velocity to track direction there is the risk of
errors accumulating. This could be through drift over time or erroneous readings, both of which
would result in a persistent offset relative to the true direction. By implementing a visual reset
mechanism the network is capable of correcting such errors. The reset layer provides a mechanism
for updating the location of the network, stimulating activity at a desired location in this layer results
in a reset of the network, however landmarks at known directions must be identified as a trigger and
thus a vision network is required.

3.2 Vision network

The vision network uses a triangular structure to detect vertical lines within scenes to create a distinct
pattern of activity. Initially the pixels from the event camera are uniformly pooled to reduce the size
from 640x480 pixels down to 16x12 pools to reduce the number of neurons required and thus the
computational load.

The neurons within the vision network are organised into columns, with each column not sharing
any connection with another column making them entirely independent. The pooled inputs connect
to 12 neurons creating the "base’ of the triangle with each consecutive layer containing one less
neuron than the one previous. Each neuron in the layers beyond the base are connected to the two
adjacent neurons in the previous layer with a connection strength that is sufficiently weak that should
a single presynaptic neuron spike then the postsynaptic neuron won’t, but strong enough that should
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Figure 2: The strength of synaptic connections between the layers of the head direction network. a)
The synapse weights connecting the head direction layer of the head direction network to itself and
the shift layers. The head direction layer excites the neurons in close proximity but inhibits the rest
of the layer. The shift neurons are inhibited except for the neurons with similar preferred directions
to the active head direction neuron. b) The synapse weights connecting the shift layers of the head
direction network to the head direction layer. This shows the respective right and left offsets of the
connections. ¢) The synaptic strength from the reset layer to the head direction layer is significantly
stronger than other connections as to overcome any inhibition as this may be used to trigger large
shifts of activity.

both presynaptic neurons spike then the postsynaptic neuron will. This behaviour can be considered
analogous to that of a digital AND gate. This behaviour leads to the detection of vertical lines as any
activity in adjacently pool inputs will be passed "up’ through the triangle network indicating a longer
line.

3.3 Training method

To build an association between the visual events and a direction at a given timestamp, a combination
of synaptic time dependent plasticity (STDP) [24] synapses and reinforcement learning signal are
used during the training phase. Following training the reinforcement signals aren’t connected to the
network and the learned weights from the STDP synapses are applied to static synapses.

Every neuron in the vision network is connected to every neuron in the reset layer of the head
direction network, with all of these connections being trained. When training, a strong inhibitory
current is also applied to all neurons in the reset layer, preventing unwanted activity triggered by the
vision network. Instead a strong excitatory signal is used to induce individual spikes at the desired
times at the neuronal index equivalent to the ground truth direction at that time point. With the vision
network spiking according to the event camera data and the reset neurons spiking only at the desired
times and directions the network is then able to build the weight associations between the pattern of
the vision network and the desired resets to cause them to be triggered by the detected scene.

4 Results

To verify that the network operates as intended, it was run on the Highway sequences from the ECMD
dataset [9] with no reset and with a reset at the halfway point. The error from these runs can be seen
in Table 1. Across all of the sequences in the dataset it was found that the error was most visible in
the latter stages of the run while accuracy was better initially as seen in Fig. 3. From this it can be
seen that the network is experiencing drift, most likely due to the non-linearity of spiking neurons.

The accuracy of all of the sequences improved with the introduction of a reset at the halfway point.
The range of improvement is however, large indicating that this is not always an effective strategy.
It is hypothesised that identifying when an error has accumulated to trigger a reset would lead to
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Figure 3: A comparison of the networks direction tracking with (a) and without (b) a reset at the
midpoint. The respective accuracies are detailed in Table 1 under "Medium 3’.

Table 1: ECMD highway errors

Error (degrees)

Sequence  W/oreset Reset

Day

Easy 1 8.53 5.92
Easy 2 6.47 5.77
Medium 1 13.11 8.27
Medium 2 9.60 5.92
Medium 3 9.69 2.88
Difficult 1 ~ 3.98 3.92
Night

Medium 1 8.06 3.99
Medium2  10.24 8.23
Medium 3 9.03 5.84
Difficult 1~ 9.79 9.51
Difficult2  5.91 3.98

more accurate dataset results, while identifying and recognising reliable landmarks would be the best
approach for real world applications.

The network was simulated using NEST [25] ran at speeds in excess of 4x real time without the reset.
Due to the vision network being similarly sized to the head direction network, when the reset was
introduced this was reduced to approximately 2x real time speed.

5 Discussion

The head direction network, without a reset, displayed acceptable levels of error, typically in the
single digits, and the introduction of a reset proved effective, reducing the error in all cases. To
expand upon the initial results presented here, followed up experimentation from ECMD [9] and
alternate datasets [26—29] should be performed.

It was found that the shifting response was not entirely linearly aligned with the angular velocity,
likely due to the intrinsic, nonlinear behaviour of spiking neurons. This has been minimised by
reducing the refractory period of the neuron and making the spike rate with no inputs approximately
9Hz as the point at which a neuron starts to spike is it’s least linear.

The range of improvement in accuracy caused by the reset is dependant on the timing of the reset,
which can be controlled when using a dataset however for real world deployment a reset should occur



whenever a landmark is detected. Therefore an element of segmentation and key landmark detection
ought to be introduced into the vision network to ensure only permanent, identifiable landmarks are
learned.
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Event-Based Orientation Tracking Using Neuromorphic Methods

Abstract

The ability to track orientation is a key challenge for au-
tonomous driving and mobile robotics applications. Espe-
cially now with the growth of neuromorphic computing and
the prominence of neural networks it is common to look to
biological systems for inspiration. From neuroscience there
is empirical evidence of so called head direction neurons,
the purpose of which is to track the direction of the bio-
logical agent. An application of this head direction sys-
tem to autonomous driving applications with a loop closure
mechanism to account for errors is yet to be done. Here
we present a neuromorphic head direction system, applied
to real-world driving scenarios with a visual reset for loop
closure, triggered by stereo event cameras. This develops
upon previous work, where there has been a lack of reset
mechanisms for error correction. It also aims to offer a ba-
sis to build upon to create a reliable visual inertial odome-
try system requiring only data acquired by an event-camera
and its integrated Inertial Measurement Unit (IMU).

1. Introduction

A crucial component of any system aiming to tackle the
challenge of autonomous driving is the ability to accurately
and reliably track the orientation of the vehicle at any given
time. While there are many approaches that can, and have
been taken for this, the emerging field of neuromorphic
computing is one which is largely unexplored for this ap-
plication. Inspired by biological neural networks, neuro-
morphic computing uses Spiking Neural Networks (SNNs)
for computation, a type of neural network which has been
described as the third generation of neural networks [9].

SNNss differ from traditional neural networks by encod-
ing information in the timing of spikes, a method which can
be both faster and more efficient than the operation of tra-
ditional neural networks [12]. The reason for this is due
to activity only occurring within the neural network during
events compared to more power intensive continuous out-
puts. Such behaviour allows spiking neurons to intrinsically
act as low latency, coincidence detectors [7], a beneficial
property when operating in dynamic environments.

In addition to novel computing paradigms Neuromorphic

Figure 1. A ’frame’ of accumulated positive and negative events
sourced from the ECMD Dataset [3].

computing has also introduced event-based sensors [14],
with the most applicable to this area of research being event-
cameras. Where a frame-based camera captures the abso-
lute intensity for all of the pixels at regular intervals, in
an event-camera the individual pixels operate independently
and asynchronously to detect increases (decreases) in inten-
sity and updates with a positive (negative) event whenever
this change exceeds a threshold [10] as shown in Fig. 1.
The result of this is that in the absence of relative mo-
tion nothing will be detected, giving low power operation,
but in fast-paced environments information is captured at a
much higher rate, eradicating motion blur and minimising
latency [2, 8].

By taking inspiration from biological systems for track-
ing direction it is possible to utilise the intrinsic prop-
erty of event-based operation exhibited by event-cameras
and SNNs to create a homogeneous head direction system
which is end-to-end event-based.

The key contribution of this work are:

1. To the author’s knowledge, the first neuromorphic head
direction network with a loop closure mechanism ap-
plied to a real-world driving dataset.

2. A stereo event-camera driven visual reset for a head
direction network.

3. A head direction network operating solely on inputs
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Figure 2. An overview of the system used to track the orientation of the vehicle. The angular velocity recorded from an IMU integrated
into the left event-camera is input into the Head Direction network to track orientation. The events from two event cameras are input into
the Stereo Matching network. The Stereo Matching network connects to the Head Direction network using synapses which are trained
using Spike-Timing-Dependent Plasticity (STDP) to trigger visual reset.

from an event-camera through the integration of an In-
ertial Measurement Unit (IMU) into the DVXplorer.

2. Related Work

The concept of a head direction cell is not a new one,
having been recorded and analysed in neuroscience for
decades [ 13, 17]. As a result of this research, models for the
head direction system have also been long established [16].
However with the emerging field of neuromorphic com-
puting, concepts and models from neuroscience are now
more prevalent in engineering applications and head direc-
tion networks are no exception to this [1, 5].

2.1. Neuromorphic Implementations of Head Direc-
tion Models

Krieser et al. [5] implemented a head direction network
capable of a visual reset on a neuromorphic platform. The
limitations of this implementation however are that the net-
work operated at a single angular velocity (per direction)
and reset to a single reset position indicated by a flashing
diode. When applied to autonomous driving the limitation
of operating at a single angular velocity is evident due to
the variability of turning speed experienced by vehicles. A
more complex system capable of operating at four angular
velocities [6] has also been shown and while more capa-
ble the same limitation must be considered when applied
to real-world driving. While the reset mechanism is highly
applicable the use of a flashing diode also doesn’t translate
to real-world driving scenarios, thus a more complex visual
system is required to identify unique scenarios for trigger-

ing a reset.

More recently a head direction network also using a ring
structure was shown to be accurate over a range of angular
velocities and implemented across multiple simulated and
real-world scenarios [1]. This implementation is however
purely a head direction network without any loop closure
mechanism such as a visual reset. As such it can be as-
sumed that it would suffer a loss of accuracy over time due
to drift, however minimal it may be, or the accumulation of
erroneous inputs.

3. System Overview

The system mainly consists of two distinct networks, a
head direction network, for tracking orientation at any given
time, and a stereo matching network for detecting scenes
and triggering a visual reset. Both networks are run entirely
on inputs from two event-cameras (specifically DVXplor-
ers) with the angular velocity data coming from the IMU
integrated into the left hand event-camera.

3.1. Head Direction Network

The head direction network is formed using a ring net-
work structure consisting of four layers (shown in Fig. 4),
with each layer being made up of 360 neurons, providing
1 degree increments. These layers are the head direction
layer, two shift layers and an integrated head direction layer.
The head direction layer uses a self-sustaining ‘hill of activ-
ity’ (see Fig. 3), to represent the current direction of the sys-
tem. The two shift layers are used to stimulate a movement
of the network left and right (anticlockwise and clockwise
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Figure 3. The representation of direction within the head direction
neurons.

respectively) and the integrated head direction layer repre-
sents the position of the network at the next time step pro-
vided the position of the network is to change.

In the absence of any inputs the head direction layer must
sustain its activity for the representation of direction to per-
sist. This is achieved by connecting neighbouring neurons
with excitatory connections and inhibitory connections for
neurons representing a greater than 3 degree shift in either
direction. Excitation in the shift layers is driven entirely by
angular velocity inputs from the IMU to provide stimula-
tion.The head direction layer makes no excitatory connec-
tions to the shift layer but instead makes inhibitory connec-
tions to shift neurons representing a greater than 3 degree
shift in either direction as this is shown to be more robust to
shifting caused erroneously by noise. Connections from the
shift layers to the integrated head direction layer use a one-
to-one connection meaning, each shift neuron is only con-
nected to the corresponding integrated head direction neu-
ron. However, to enable the shifting mechanism to move
activity around the network, an offset of one neuron (1 de-
gree) is applied to the left (right) for the shift left (right)
layer. The integrated head direction layer makes a strong
excitatory connection to its respective head direction layer
to inhibit previous activity within the head direction layer
and move the ‘hill of activity’ to the new direction. This
can all be seen in Fig. 4.

While this network is capable of integrating angular ve-
locity there is the risk of errors accumulating, either through
drift over time or through erroneous readings resulting in a
persistent offset relative to the true system orientation. In
both cases, implementing a visual reset mechanism offers
the capability of accounting for such errors. As the inte-
grated head direction layer already provides a mechanism
for updating the location of the network, stimulating activ-
ity at a desired location in this layer results in a reset of the
network, however landmarks at known directions must be
identified as a trigger and thus a vision network is required.

)
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Figure 4. An overview of the Head Direction network layout and it
connectivity to display desired behaviours. a) The structure of the
Head Direction network reduces from 360 neurons per layer to 24
neurons per layer for simplicity. b) The connectivity of the head
direction layer to create a hill of activity’ to represent the current
direction. Each neuron makes excitatory connections to its direct
neighbours and inhibitory connections to all neurons that repre-
sent a direction greater than 3 degrees away. c¢) and d) The shift
right and shift left mechanisms respectively. The head direction
neurons inhibit all of the neurons that represent a direction greater
than 3 degrees away. The right (left) angular velocity makes exci-
tatory connections to all of the shift right (left) neurons. The shift
right (left) neurons make excitatory connections to the integrated
head direction neurons, offset by 1 degree to the right (left) of the
current position causing the shift mechanisms. Not shown, the in-
tegrated head direction neurons connect to the corresponding head
direction neurons to update the position in the head direction layer.

3.2. Stereo Matching Network

Due to the nature of event-camera operation, detecting
changes in intensity, typically the boundaries or edges be-
tween relative light and dark are the cause for events. The
polarity of this event however depends on the relative mo-
tion of this boundary i.e. the same boundary would trigger
the same events but with inverted polarities if the motion
was reversed. As such all events are made positive as to
ensure that the same scene recreates the same event stream,
regardless of relative motion

For visual processing the pixels from each event-camera
are pooled into a 16x12 grid of 40x40 pixels. The neurons
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Figure 5. An overview of the structure and connectivity of the stereo matching network. b) The network is a 16x16x12 cube of neurons,
none of which are connected to one another. The left event-camera being aligned parallel to the x axis and the right event-camera being
aligned parallel to the y axis. a) Each event camera is pooled into 16x12 grids of 40x40 pixels. The outputs of these 40x40 pixels are the
inputs to all of the neurons running perpendicular. e.g. pixels (0:40, 0:40) from the left event-camera input into neurons (0, 0:16, 0) and
pixels (0:40, 0:40) from the right event-camera input into neurons (0:16, 0, 0)

are organised into an unconnected cube with dimensions
of 16%16%12 meaning that when aligning an event-camera
with the neurons each pool aligns with a row in the neuronal
grid. The outputs from each pool are then connected to each
individual neuron within its corresponding row.

By aligning the left event-camera perpendicular to the y
axis and the right event-camera perpendicular to the x axis
the ability of spiking neurons to act as coincidence detectors
can be used to match the occurrence of events between cam-
eras. With the events between cameras matched a distinct
firing patter is created that can then be used, with training
to reset the Head Direction network.

3.3. Landmark Recognition Training

For the system to learn the association between a scene
and a specific orientation STDP synapses are used during
a training period. The STDP synapses are combined with a
ground truth signal at given times so that only accurate asso-
ciations are made through a reinforcement learning method.

The vision network is connected to the integrated head
direction neurons using an all-to-all connection scheme
with weights initialized to zero. During the training phase
the integrated head direction neurons are globally inhibited
by an offset current and no angular velocity inputs are used.
The integrated head direction neurons are instead only stim-
ulated by signals at predefined from the ground truth read-
ings. As a result of this the vision neurons which fire im-
mediately preceding the induced integrated head direction

activity will have these synaptic weights increased, while
the rest will remain zero. Following the synaptic weight in-
creases any erroneous firing from the vision neurons doesn’t
induce activity in the integrated head direction layer due
to the inhibitory offset current meaning that these synaptic
weights will decrease due to being seemingly less ’selec-
tive’.

4. Results
Sequence Error w/o Reset  Error w Reset

Highway day easy a 26.63 17.07
Highway day easy b 3.7 N/A
Highway day medium a 5.66 N/A
Highway day medium b 3.69 N/A
Highway day medium ¢ 3.79 N/A
Highway day difficult a 31.36 N/A
Highway day difficult b 291 N/A
Highway night medium b 5.90 N/A
Highway night medium ¢ 3.24 N/A
Highway night medium d 5.79 N/A
Highway night difficult ¢ 4.30 N/A
Highway night difficult d 342 N/A

Table 1. The root mean square error in degrees for the 12 se-
quences from the highway set of the ECMD dataset [3].

To verify the effectiveness of the head direction network
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Figure 6. The head direction neuron activity (blue) plotted against the ground truth (orange) for a sequence displaying notable error and a

sample of accurate sequences.

it was run on the highway sequences of the ECMD dataset
[3]. With the absence of any resets the root mean square
error for 10 of the 12 run sequences ranged from 2.91 de-
grees to 5.90 degrees, as shown in Tab. 1 and Fig. 6a. When
considering the function of head direction cells, a common
purpose of their behaviour is to modulate the activity of grid
cells [4, 11, 15], which are selective to six directions, and
therefore 60 degree increments. As such operation with low
single digit error can be considered well within a functional
operating range and the application of a visual reset is un-
necessary for function.

Of the two sequences which experienced significant er-
rors, a visual inspection of Fig. 6b shows that from 20,000-
30,000ms a turn in the ground truth plot is not present in
the neuronal. This causes the entire neuronal representation
from this point onwards to maintain this error. By training

the visual reset mechanism to trigger a reset at 35,000ms
(as seen in Fig. 6¢) the ongoing effects of this error are
minimised, reducing the root mean square error by approx-
imately 10 degrees.

5. Discussion

The applicability of neuromorphic computing combined
with event-based sensing has being introduced to au-
tonomous driving scenarios. A model demonstrating gen-
eral accuracy has been presented for tracking orientation
with error correction using a visual reset triggered by stereo
event cameras. The error correction mechanism has been
proven to account for both large errors caused by erroneous
readings and smaller errors caused by drift over time.

Due to this work fitting within the emerging field of neu-
romorphic computing there is scope for it to be extended



upon in a number of ways. Due to the application of au-
tonomous driving, applying the same principles to path in-
tegration would make the system of considerably more use
and notably closer to a system which is usable for au-
tonomous driving. Extending this work while still focus-
ing on direction also offers numerous possibilities such as
increasing the dimensionality to represent 3D direction; im-
proving the accuracy of the network for a greater range of
angular velocities; and adding autonomy to the training pro-
cess for building visual reset associations.
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