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Chapter 1

Introduction

This chapter first presents a brief opening to the report in Section 1.1. Then, for convenience, four key concepts
used in this work are presented in Section 1.2. It is recommended to study these concepts in full using the
literature study provided in the Appendix, but if the reader wants to merely understand the rest of the report,
the provided descriptions should suffice. Afterwards, research questions are introduced and motivated in Section
1.3. Lastly, a short overview of the workflow and relevant chapters is given in Section 1.4.

1.1 Opening remarks

After 50 years humanity is again very actively looking towards the Moon. Scientists, private companies, and
government organizations are interested in exploring and exploiting the Moon from both the orbit and the
surface. However, landing on the surface is an extremely challenging task from the perspective of guidance,
navigation, and control. Only during the period of this research, four landing attempts occurred and just one
of them went according to the plan. Especially the Nova-C lander by Intuitive Machines beautifully frames
the context of this work. According to Foust (2024), the lander was left without a large part of its navigation
hardware during its descent. However, the team managed to use a camera, which was originally meant as a
payload, to obtain navigational information and saved the mission. This unplanned but ingenious redundancy
saved an incredibly costly project from a large setback.

It is very desirable to build robust navigation systems that employ redundancy. To do so, we must continually
strive to develop cheaper, lighter, smaller, and more efficient sensors. These efforts also allow us to build smaller
landers such as OMOTENASHI from JAXA described by Hirasawa et al. (2025). One of the great prospective
options in this domain are vision sensors and among them event camera. And this work focuses specifically
on this bio-inspired device and its application in lunar landing. Coupled with a novel and also bio-inspired
processing paradigm called the spiking neural network, which is very well suited for this match, it has a lot of
potential for future missions.

And now some are looking in this direction. Among them is the Advanced Concepts Team of the European
Space Agency, which intends to use their platform to organize a sizable competition focused on neuromorphic
processing during lunar landings. Although technically separate, this work was executed in collaboration with
the team and is to be used to provide a dataset and a baseline for the competition. Hence, it takes the form of
a feasibility study with a focus on the realistic simulation of the sensors, and it is by no means an exhaustive
comparison of all available methods. The purpose of this work is to show that this is an idea worth studying
and to highlight some of the main challenges.

1.2 Key concepts

This section will briefly introduce four key concepts used in this work, which are necessary for understanding
it - lander trajectory optimization using nonlinear programming, event cameras, spiking neural networks, and
optical flow. As stated previously, more detailed information can be found in the literature study which is
included in the Appendix.

1.2.1 Lander trajectory optimization

The work, which follows, focuses on the reconstruction of egomotion on fuel-optimal trajectories. In the mod-
ern era, these problems are generally solved using the so-called non-linear programming, as Malyuta, Yu, et al.

11



(2021) explain. As Luenberger (2003) states, non-linear programming involves solving problems of the following
type with m inequality constraints and p equality constraints. Hence, the trajectory is first discretized, and
then optimization methods are applied to it.

minimize  J(t)
subject to  f;(t) <0, i=1,...,m (1.1)
hi(t) =0, i=1,...,p

However, the exact formulation of the optimization problem can have a major impact on the complexity of the
solution. Some simple formulations will involve minimizing convex functions over convex regions and thus can
be solved using convex optimization. This is of great benefit because as Malyuta, Reynolds, et al. (2021) explain,
such algorithms are bound to find the global optimum in polynomial time. On the other hand, formulations
involving rotational dynamics or other more advanced cases will typically require the use of general non-linear
program solvers.

1.2.2 Event camera

Event camera is a vision sensor that asynchronously outputs the so-called events based on the change of bright-
ness in the individual independent pixels, as explained by Lichtsteiner et al. (2008). It is loosely based on the
function of human retina, which makes it the so-called neuromorphic device.

The event will be produced on a pixel every time the camera registers a change in logarithm of intensity I larger
than a predefined threshold 0o/ orF, as seen in the expression below. Events have only two polarities: if the
pixel suddenly becomes brighter, a positive ON event is generated, and vice versa, a decrease in light will lead
to a negative OFF event. After an event is produced, the reference intensity is reset on the pixel. The function
of the pixel is illustrated in Figure 1.1.

Alog(I) > bonjorF (1.2)

N reconstruction

N\

time OFF
AV Et) I L Threshold

LN NN Reset Level
pd

= prd
© OO  ON Threshold
time

1 1 N
7

Figure 1.1: The principle of event camera. An ON or OFF event is produced in a certain pixel when the
logarithm of intensity change reaches a certain threshold. Afterwards the reference intensity is reset and the
cycle starts again. Image taken from Lichtsteiner et al. (2008).

Event camera is very well suited for space applications because of its low mass and power consumption, high
dynamic range allowing for use with scenes containing extreme brightness and darkness, and sparse output as
pointed out by Gallego et al. (2019).

However, there is a lack of lunar landing-relevant event-based datasets and it was deemed very difficult to at-
tempt to generate one using a real event camera due to time and resource constraints. Hence, an event camera
simulator must be used. Current state-of-the-art event camera simulators like, e.g. the one of Hu et al. (2020),
convert frame-based video into an event stream.
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Apart from the rather straightforward change in brightness, event camera simulators also typically focus on a
number of non-idealities characteristic for the instrument. Perhaps the most important is the low-pass filter-
like behavior of the camera pixels described by Lichtsteiner et al. (2008). The values of thresholds fpn and
Oorr are actually not constant across the image plane due to the effect called transistor mismatch, as stated
in Lichtsteiner et al. (2008).

Moreover, to determine the change in brightness, the camera pixel memorizes the brightness value at its last
event fired. However, as explained by Hu et al. (2020), this memorized value decreases over time due to a
non-ideal behavior called leakage current.

1.2.3 Spiking neural network

The event camera is complemented by another neuromorphic device called the spiking neural network. It is a
novel computing paradigm, which can be implemented on very lightweight hardware known as neuromorphic
chip, which also has low power consumption and latency, as explained by Schuman et al. (2022).

Unlike the common analog neural networks, which are described in the Appendix C and will not be treated
here, the spiking neural networks incorporate the concept of time into the inference process. As W. Guo et al.
(2021) describe, networks consist of neurons that communicate with each other using discrete time voltage spikes.

Incoming spikes increase the internal voltage of a neuron. Eventually, this internal voltage reaches a certain
threshold and the neuron will fire an output spike itself. Then, the internal voltage decreases again. Commonly,
the voltage builds up on the neuron over time until a spike (Integrate-and-Fire neurons), or it automatically
decreases when there are no spikes incoming, thus prioritizing recent inputs (Leaky Integrate-and-Fire neurons).

Practical state-of-the-art spiking neural networks for optical flow determination typically use the convolutional
neural network paradigm. Again, the reader is referred to the Appendix C in case of interest in the introduction
to the topic. Specifically, networks of the so-called U-Net type introduced by Ronneberger et al. (2015) are
particularly successful in this domain.

U-Net is an architecture with a contracting encoder and an expanding decoder, as illustrated in Figure 1.2. In
the encoder, the input is downsized to a lower resolution by convolution to shift focus on global context. Then
again, the output is up-sized to its original resolution in the decoder. Along this contraction/expansion path,
some low-level detail can be lost. Hence, U-Net features the so-called skip connections to help ensure that this
detail can propagate straight from early encoder layers to late layers in the decoder and it is preserved.

1.2.4 Optical flow

For this work, the concept of optical flow is very important. As defined by Horn and Schunck (1981), optical
flow is “the distribution of apparent velocities of movement of brightness patterns in an image”. Another, per-
haps more intuitive, explanation by Gibson and Marques (2016) states that it is projection of motion from a
three-dimensional scene to a two-dimensional image plane.

Perceived optical flow is commonly used by humans, animals and insects, for navigation as pointed out in War-
ren et al. (2001). The optical flow vectors encode information about relative motion with regards to objects in
the field of view. This is well illustrated by Figure 1.3.

In a similar fashion, optical flow can be utilized for lander navigation. Using the so-called continuous homogra-
phy, which is described in detail in Chapter 6, it is possible to reconstruct both the lander pose and unscaled
motion parameters. However, as Grabe et al. (2015) note, there is always an inherent scale ambiguity in this
estimate. It is impossible to recognize using a monocular camera whether a fast-moving distant surface is being
observed or a closer one moving at slower speed. Hence, optical flow data need to be combined with other
sources like the rangefinder or altimeter which give absolute distance to the surface in order to obtain the
velocity at the right scale.

1.3 Research questions

This section will introduce and motivate the research questions. Please note that this is a synthesis of the
literature study which is presented in Appendix. For further detail, refer to the relevant chapters.
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Figure 1.2: Example of U-Net architecture. The contracting path of the encoder progressively extracts features
of higher and higher level. Fully connected layers in the middle increase the expressivity of the network. The
expanding path of the decoder scales the output back up to the desired resolution. The skip connections ensure
propagation of low-level details into the output. (Image source: Ronneberger et al. (2015))
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Figure 1.3: Illustration of different optical flow fields produced by different relative motions (image source:
Distante and Distante (2020)).

With the lunar landings again becoming a very relevant topic — to the author’s knowledge, at least six landing
missions are planned for 2025 — further progress in area of lander navigation is required. The current common
solutions, such as laser and radar velocimeters, are often rather bulky and hard to integrate into smaller vehicles
and too heavy for a redundant system. That is why small landers like the Smart Lander for Investigating Moon
began utilizing visual navigation using frame-based cameras as described by Ishida et al. (2025). A question is
posed, whether it is possible to go one step further, and utilize even less demanding systems using novel vision
Sensors.

The event camera is a very light and low power device with low latency and high dynamic range as pointed out
by Gallego et al. (2019). All of these are useful properties making it a good candidate for a vision sensor during
lunar landing. Both use as a redundant device or a primary means of navigation on a smaller lander are open.
This area was previously described and partially explored, for example by Izzo and Croon (2012) or McLeod
et al. (2022), but there is no investigation involving lunar landings with complex trajectories. Considering that
almost all landings on the Moon involve such trajectories, this is a fairly significant research gap. This topic is
further explored in Appendix A.

Another device with extremely low latency, power consumption and mass is the neuromorphic chip capable of

running spiking neural networks. While popular in the area of drone navigation, the author is unaware of any
use of such networks in the context of combination of event-based inputs with planetary landings. The very
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natural eye-and-brain-like compound system of event camera with spiking neural network is to be the topic of
this research and frames the main research question. More information is provided in Appendix C.

RQ - How accurately can vehicle egomotion be reconstructed during a fuel-optimal planetary landing
using an event camera output processed with a spiking neural network?

Such a study ultimately involves three different parts. The first one will focus on creating an event-based landing
dataset, the second one will concentrate on training the spiking neural networks to output relevant data and
the third one will come to processing the spiking neural network outputs.

The process of creating the event-based landing dataset is left open as a question (RSQ-1) and the following
gaps are identified. While Azzalini et al. (2023) provide a good starting point in the area of dataset creation,
there are multiple event camera simulators in contention including work by Zhu, Yuan, et al. (2018), Lin et al.
(2022) and Z. Zhang et al. (2023). A question is asked, which one is best suited for the purpose (RSQ-1.1).
Secondly, it is recognized that there is a lack of clear validation metrics for event datasets as pointed out by Lin
et al. (2022), and the question of how such a dataset can be validated is posed (RSQ-1.2). Thirdly, as previ-
ously mentioned, optimal trajectories for the dataset can be generated using more complex general non-linear
programming or using its simpler convex subset, as Malyuta, Yu, et al. (2021) point out. A question is raised
whether the trajectories created using convex methods can still be deemed appropriate (RSQ-1.3). For further
information, please refer to Appendix A and B.

RSQ-1 - How can a synthetic event-based dataset for planetary landing be created?

e RSQ-1.1 - What is a suitable event camera simulator in this application?
e RSQ-1.2 - To what extent can such a dataset be validated?

e RSQ-1.3 - How can the appropriate trajectories for the purpose be generated?

Spiking neural networks are found to be well suited for the purpose of prediction of optical flow, and there
are a number of works focusing on this topic such as those of Hagenaars et al. (2021), Cuadrado et al. (2023),
Schnider et al. (2023) or Kosta and Roy (2023). The decent results reported, together with the availability of
such networks for testing, led to the adoption of optical flow as the desired spiking neural network output.

It is recognized that the problem of estimating optical flow during lunar landing differs from general optical flow
estimation as the flow fields have a very special structure created by motion over nearly planar surface, constant
lighting, and lack of moving objects. Hence, a focus is given on the difference between a general purpose network
and a network for purposes of planetary landing (RSQ-2).

Specifically, a large number of different timing information processing methods were found ranging from ex-
plicit temporal convolution and recurrent units (Cuadrado et al. (2023), Hagenaars et al. (2021)) to reliance on
inherent qualities of spiking neurons (Schnider et al. (2023), Kosta and Roy (2023)). Hence a question is asked,
which of these methods is specifically well suited for the lunar landing (RSQ-2.1). For further elaboration on
the topic of optical flow spiking neural networks please visit Appendix D.

Similarly, loss functions may need to take a special form and there is no consensus on what is the optimum even
for the known datasets with various novel terms being commonly proposed as e.g. in Cuadrado et al. (2023).
Hence, it is studied how should the loss function look in this case (RSQ-2.2).

RSQ-2 - What is a good architecture of spiking neural network for processing the event stream during
planetary landing?

e RSQ-2.1 - How can the event timing information be well utilized in the spiking neural network?

e RSQ-2.2 - What are the appropriate loss functions in the context of supervised learning of
event-based optical flow?
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The adequate step between optical flow and egomotion is left to be found during the research (RSQ-3). In
particular, the flow is expected to be noisy, hence focus is given on appropriate filtering (RSQ-3.1). A question
is asked in what conditions can useful egomotion estimates be derived from the optical flow (RSQ-3.2). Lastly,
a decision is made to find out whether additional information, such as the pose of the lander, can significantly
improve the egomotion estimates and what information should be provided to resolve the scale ambiguity men-
tioned in 1.2 (RSQ-3.3). This is an important question, as it may turn out that the event camera and spiking
neural network are most useful in combination with another instrument. Information about egomotion recovery
are not provided in the Appendix, but the current methods are detailed in Chapter 6.

RSQ-3 - How can the egomotion be reconstructed from the output of a spiking neural network?

e RSQ-3.1 - How should filtering be employed in order to increase performance?

e RSQ-3.2 - In what conditions can useful egomotion estimates be generated from the optical
flow?

e RSQ-3.3 - How do the additional provided navigational information improve the egomotion
estimates?

1.4 Process overview

This section is supposed to give the reader a general overview of the high-level methodology and steps involved
in this research.

As already stated, the work is a feasibility study. As such, it aims to explore all the main aspects of egomotion
estimation in rough terms and seek deeper understanding of the problem rather than centering on perfecting
the solutions.

For this purpose, high-quality input data is vital. The first part of the work concerns itself with simulating the
output of an event camera during an optimal lunar descent. This is a non-trivial task which consists of first
generating the relevant frame-based videos and converting them into event streams using a simulator.

A spiking neural network can be trained using the available events to output optical flow. Two candidate
architectures, one by Cuadrado et al. (2023) and one by Kosta and Roy (2023), are tested and trained. The
architectures differ significantly from each other, especially in handling event timing information. The focus is
also on appropriate loss functions. The aim here is to illustrate the common issues which may appear during
this process.

The optical flow can be used to obtain motion estimates. That is, as already mentioned in Section 1.2, when
it is combined with an output of another measurement instrument such as a rangefinder or an altimeter. It is
investigated how good egomotion estimates can be obtained from the optical flow using such methods and how
they vary based on the additional provided information like pose, altitude, or rangemeter measurement.

The work is divided into two parts. The first part focuses on the dataset and the second one focuses on the
spiking neural networks and egomotion estimation. To illustrate the process, Figure 1.4 is included, which also

contains the relevant chapters. The literature study can be found in the Appendix. Last Appendix E is left for
additional results, which could not be incorporated into the main body of the thesis due to time constraints.

Generate Create RGB Simulate Train spiking Estimate
trajectories videos event camera neural networks egomotion
(Chapter 2) (Chapter 3) (Chapter 4) (Chapter 5) (Chapter 6)

Figure 1.4: Main steps and the relevant chapters
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Part 1

Event-based landing dataset
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Overview

This part of the report will introduce the event-based landing dataset together with its generation and validation
processes. Figure 1.5 provides us with a rough outline of this task.

Optimal trajectory
generator

(Chapter 2)

L—Trajectories—LTrajectories—l

Natural scene Ground truth motion
generator |_Depth maps—»] field generator
(Chapter 3) (Chapter 3)
|
RGB frames ) i
i Motion fields

Iterative tuning tool Event camera
simulator
Events Full dataset
(Chapter 4) (Chapter 4)

Figure 1.5: Overview of the event-based landing dataset generation and validation process

Chapter 2 will guide the reader through the generation of optimal trajectories. First, it will introduce the
coordinate system used in the entire work and the optimal landing problem being solved. Secondly, it will
discuss the lander model based on Apollo missions, which is being utilized to obtain the trajectories. Then it
will compare modern trajectory optimization methods to make an argument for the one chosen in this work.
Afterwards, it will discuss the implementation of the optimal problem and the types of trajectories chosen for
the dataset. We will conclude with a brief overview of the properties of the final trajectories themselves.

Chapter 3 will show the logic behind the creation of the lunar natural scenery for the optical navigation system
and ground truth motion fields. It will start with introducing a pinhole camera model and proceed with a
description of the landing site and the lighting conditions. Then it will focus on the use of Planet and Asteroid
Natural scene Generation Utility (PANGU, Martin et al. (2019)) to render the lunar scenery and depth maps,
required for the ground truth motion fields. In the end, the motion fields themselves are discussed.

Lastly, Chapter 4 will raise the topic of event camera simulations and validation and tuning of interaction
between an event camera pixel and the surface. First, it will bring about a short trade-off between event camera
simulators, which will justify the choice. Secondly, the model of the event camera non-idealities used in this
work will be presented. Third, validation metrics and available ground truth will be introduced for the event
camera pixel-surface interaction model. Lastly, the validation and tuning process will be described.
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Chapter 2

Optimal trajectories

This chapter will focus on the topic of generating optimal trajectories for the dataset. First, the coordinate
system will be introduced together with the optimal control problem in Section 2.1. Secondly, the Apollo lander
will be elaborated upon and numerical values for the problem will be presented in Section 2.2. In addition,
an explanation for the choice of the optimization algorithm is shown in Section 2.3 and an overview of its
implementation will be provided in Section 2.4. Then, three distinct trajectory types used in this work will be
shown in Section 2.5 and the final resultant trajectories presented in Section 2.6.

2.1 Coordinate system and the optimal landing problem

This section will first introduce a coordinate system that will be used throughout the entire work and then a
formal introduction of the optimal control problem will follow. As the dataset generation pipeline used in this
work loosely follows on the bases of Azzalini et al. (2023), the reference frame chosen is taken from this source
together with most of the notation in this area.

2.1.1 Coordinate system

An inertial reference frame F; (O;, z, y, z) is placed with its origin at the landing point on the lunar surface. A
non-inertial reference frame F;, (Op, X, Y, Z) is chosen as the lander body frame. The rotation transformation
between frames can be described by the sequence of Euler angles ¢ — 6 — 1. The lander position and velocity
in F; are, respectively, noted as follows

r=(z,y,2]"

v = [vx,vy,vz]T

The reference frames are illustrated in Figure 2.1.

Figure 2.1: The two reference frames used in the work, inspired by Azzalini et al. (2023)
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2.1.2 Optimal landing problem

A lander should be considered starting in a position r(0) with a defined initial velocity v(0) and angular velocity
w(0). The lander has initial mass m(0) and can vary the throttle u;(t) € [0,1] to exert thrust F,u;(t) with
exhaust velocity k.. The angular motion of the vehicle can be controlled by six thrusters at distance L from the
center of gravity with throttle levels ug p, Ug n, Uo,p, U0,n, U ps Uy, Which have a maximum thrust magnitude
of F,. The vehicle has moment of inertia I. A trajectory is to be found from this initial state to a final state
where r(ty) = 0 and v(t¢) = 0 while minimizing an objective function J = m(0) —m(ts) with time ¢ being free.

Transformation from the reference frame F;, to the reference frame F; can be carried out as shown below.

r= R(¢7 97 ’(/})rb7 (22)
V= R(¢7 0, ¢)Vba (23)
b
r

The matrix R(¢,0,) is expressed as follows.

cosfcosy —cosgsiniy +singsinfcosy  sin¢siny + cos ¢ sin f cos P
R(¢,0,¢) = |cosfsiny  cos¢pcost +singsinfsiny  —singcosy + cos ¢ sinfsiny (2.5)
—sin6 sin ¢ cos 6 cos ¢ cos 6
The lander dynamics can then be described using the following set of equations, directly adapted from Azzalini
et al. (2023). The change in relation to the original work lies in treating the thrusters as six independent units,
which is beneficial with regards to optimization using common optimizers which first explore the boundary
conditions.

r=v, (3)
[0 1 0
v=|0——R| 0 |, (4)
_g m Faut
(]:5 [1 singtan® cosptand] [p
0| =10 cos @ —sing ql, (5)
) |0 sing/cosf cosp/cosb| |r
_ | Upp — Ugn
Iw =w xIw+2LF, Ug,p — Uon | » (6)

Ugp,p — Ugp,n

= Fouy + 2Fb(u¢7p + Up,n T Ugp + UG + Uy p + U¢7n) . (2.6)
ke
In terms of constraints, it is advisable to limit maximum angular deviation between the direction of main
engine thrust and the z-axis of reference frame F; in order to ensure that the vehicle does not point into free
space, which is useless for optical navigation. The formulation of this constraint can be derived from Malyuta,
Reynolds, et al. (2021) and can be found in the code of Azzalini et al. (2023) as follows, with v being the
maximum tilt angle which was chosen to be 1 radian for the purpose of this work.

cos(¢) cos(0) >= cos(y) (2.7)

Moreover, for the problem to be physically realistic it must hold that the spacecraft is above the ground for the
entire trajectory.

2 <0 (2.8)

For purposes of numerical convergence with some optimization algorithms, it was found to be beneficial to also
give upper and lower bounds to the pitch, yaw and roll angles. However, these values were set so high as to
never be realistically achieved.
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2.2 Apollo lander model and its trajectories

The Apollo Lunar Module was chosen as a vehicle for this work because in the publicly accessible domain, it
is the best documented lunar lander. As such, it is possible to reconstruct the model described in Subsection
2.1.2 with high fidelity and, despite being obsolete, it is still considered better to use the Apollo than merely
guess how such values should look for a more modern spacecraft. This section will describe the reconstruction
of physical characteristics of this lander.

2.2.1 Mass and inertia

We consider the vehicle at the high gate during the landing trajectory, so there is an uncertainty about the
exact mass and moment of inertia figures as they depend on the amount of fuel consumed. For simplicity an
assumption is adopted, similar to the one used in code of Azzalini et al. (2023) that all these values are close
to 60 percent of what they were at the start of the descent. Stengel (1969) lists the initial mass at 15000 kg
and the initial values of pitch, roll and yaw moments of inertia to be 34000 kgm?, 33900 kgm? and 31200 kgm?
respectively. These values scaled down to 60 percent are listed in Table 2.1 and used in the simulations.

Parameter Symbol | Value Source

Mass m 9000 kg Stengel (1969)
Yaw moment of inertia | I, 20340 kgm? | Stengel (1969)
Pitch moment of inertia | I, 20400 kgm? | Stengel (1969)
Roll moment of inertia | I, 18720 kgm? | Stengel (1969)

Table 2.1: Apollo mass and inertia properties used in the simulations.

2.2.2 Main engine and thrusters

Bartlett et al. (1966) lists the maximum thrust of the Apollo Lunar Module descent engine at 46.7 kN. The
minimum thrust of 4.7 kN is not modeled. The specific impulse of the engine is mentioned to be 306 s by
Avvenire (1974) from which exhaust velocity equal to 3002 m/s can be easily calculated.

With regard to thrusters, Stengel (1969) notes that the Reaction Control System (RCS) on the Apollo Lunar
Module consisted of two eight-thruster systems with each of the thrusters having a maximum thrust of 445 N
at fuel consumption of 0.16 kg/s which leads to exhaust velocity of 2782 m/s. The exhaust velocity value is
considered close enough to the one for main engine to not be differentiated. Both systems could be fired at once
if necessary. Moreover, Stengel (1969) claims the resultant moment from firing each roll and pitch thrusters to
be equal to 746 Nm, while for the yaw jets this value is equal to 695 Nm, leading to respective distances of 3.35
m and 3.12 m between the thruster. For simplicity, the value of 3.35 m is considered for all thrusters. Table 2.2
summarizes all these parameters.

Parameter Symbol | Value Source

Main engine max thrust F, 46.7 kN Bartlett et al. (1966)
RCS max thrust F, 445 N Stengel (1969)
Exhaust velocity ke 3002 m/s | Avvenire (1974)
Distance between RCS thrusters | L 3.35 m Stengel (1969)

Table 2.2: Apollo engine and RCS parameters used in the simulations.

2.2.3 Apollo trajectories

For the purposes of the work, only the part of the trajectory between the so-called high gate and low-gate is
considered. As Bennett (1970) notes, high gate is the end of the approach phase and point where the final
landing maneuver is initiated. On the other hand, low gate is a point very close to the ground, where close
range methods of navigation tend to be used.

For the Apollo mission, Bennett (1970) lists the high gate altitude at 2286 m (7500 feet) and the low gate
altitude at 152 m (500 feet). Furthermore, Bennett (1970) notes that at the high gate, the Apollo Lunar Lander
closed to the ground with a vertical velocity of 44 m/s (145 fps) and a total velocity of 156 m/s (506 fps) which
suggests a horizontal velocity component of 148 m/s (484 fps). These parameters were further processed to
serve as an inspiration for the initial trajectory parameters listed in Table 2.4.
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2.3 Choice of the optimization method

The complicated problem described in Subsection 2.1.2 can be only solved using non-linear programming further
elaborated upon in Appendix B. This is a cumbersome process and a more elegant formulation of the problem
with simpler solution would be optimal. A possible opportunity lies with the family of convex optimization
methods. This section presents results of investigation into the use of the famous member of this family, the
G-FOLD algorithm by Agikmese et al. (2012), for this purpose.

2.3.1 Description of G-FOLD

As outlined in Appendix B, if a lander is considered to be a lumped mass and all state and control constraints
are one-sided inequalities, convex optimization can be leveraged for the problem. This brings several advantages,
such as guaranteed convergence, where solution is feasible and much lower computational complexity. One of
the well-used algorithms in this area is G-FOLD, which also utilizes so-called lossless convexification to allow
for formerly non-convex bounds on thrust, pointing constraints, and glideslope constraints.

Given a time-of-flight, G-FOLD calculates the minimum fuel trajectory. As the optimal flight time is unknown,
it is necessary to perform line search, which is, however, quite unproblematic, as the algorithm itself is rather
inexpensive. If it is assumed that the nozzle is not gimballing, but is fixed to the spacecraft, then the thrust
direction can be used as a proxy to recover the attitude information from the algorithm.

2.3.2 Comparison of G-FOLD and general non-linear programming

To compare G-FOLD with general non-linear programming, an example test case was generated with the Apollo
model described in Section 2.2 and initial conditions summarized in Table 2.3.2. The full problem from Subsec-
tion 2.1.2 is being solved by the non-linear program, while G-FOLD is to solve its variant without any attitude
dynamics involved.

Parameter Value Unit

x(0), y(0), z(0) 0,0, 2300 | m, m, m

v2(0), v, (0), v,(0) 70, 0,44 | m/s, m/s, m/s
(0), 6(0), ¢(0) 0,0,0 rad, rad, rad
z(ty), ¥(ty), 0(ty), ¢(ty) 1 0,0,0,0 | m,rad, rad, rad

Table 2.3: Initial and final conditions for the test case to compare G-FOLD with a non-linear program

The non-linear program is based on the code of Azzalini et al. (2023) and implemented using the AMPL parser
(Fourer (1996)) and the SNOPT solver (Gill et al. (2005)) and it is further elaborated in Subsection 2.4.1. On
the other hand, G-FOLD is implemented using the CVXPY parser (Diamond and Boyd (2016)) and the ECOS
solver (Domahidi et al. (2013)).

After running the experiment, trajectory shapes and velocity profiles were found to be extremely similar. There
is never a distance exceeding more than 100 meters between the two simulated vehicles and the average discrep-
ancy values are one order of magnitude lower than that. However, the same cannot be said about the attitude
of the vehicle. To truly test how precisely the G-FOLD attitude proxy in the form of the thrust vector copies
the real attitude dynamics of the vehicle, a somewhat unnatural starting position was chosen where the vehicle
is completely upright in the beginning of the trajectory as can be seen from Table 2.3.2. Figure 2.2 shows the
pitch angle values throughout the trajectory, and interesting conclusions can be drawn.

In Figure 2.2 it can be seen that indeed the initial and final conditions will create a mismatch between the
estimated attitudes because G-FOLD will assume that thrust can be exerted in the ideal direction from the
beginning and to the very last moment. On the other hand, when the attitude dynamics are simulated, it takes
time for the vehicle to rotate to the optimal position for braking and to satisfy the final attitude conditions.
Moreover, G-FOLD, which is not penalized for the attitude maneuvers, predicts a smooth change in the pitch
angle, while the solution to the general non-linear program predicts a pitch angle which is essentially constant
over a large part of the trajectory as attitude maneuvers do have some cost.

In case of navigation using optical flow, the incomplete attitude dynamics pose significant challenges. As
Equation 6.1 suggests, especially at higher altitudes the resultant motion field quickly becomes dominated by
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Figure 2.2: Comparison between pitch angle profile generated by G-FOLD and general non-linear programming

the rotational terms. Hence, G-FOLD is deemed inadequate for this purpose and the work proceeded with
general non-linear programming.

2.4 Implementation of the optimization method

This section will quickly introduce the discretization of the optimal landing problem and the software applied
to solve its discrete form. It will also make a note about the strategy used to obtain realistic initial conditions
in all scenarios.

2.4.1 Problem transcription and solver

The continuous problem described in Subsection 2.1.2 is transcribed into a non-linear programming problem
of a discrete fashion using Hermite-Simpson collocation like in the work of Azzalini et al. (2023). The flight is
broken up into a number of temporal intervals. As stated in Moreno-Martin et al. (2024), the state trajectories
are approximated by cubic polynomials in each of the intervals. To see the details of the discretization method,
the reader is recommended to refer to Moreno-Martin et al. (2024),

As already outlined in Subsection 2.3.2, this discrete form of the problem can be directly handled by the
AMPL parser and solved using the SNOPT interior point method optimizer. It is noted that the freeware
CasADi (Andersson et al. (2019)) parser was also experimented with, but it proved inferior to AMPL in terms
of reduction of redundancies in the problem. Similarly, freeware solver IPOPT (Wéachter and Biegler (2006))
was tried for this purpose, but only poor convergence was achieved on this optimization problem with many
dimensions.

2.4.2 Optimal control problem initialization

Initializing the optimal control problem is problematic. If the initial attitude needs to be aligned with the flight
path in order to prevent unrealistic attitude changes, then the flight path must be known. However, that is
impossible to do without knowing the flight path, creating a chicken-and-egg problem. It is possible to solve
this problem by simply cutting off part of the trajectory with the initial attitude alignment, but as the number
of intervals is limited by convergence problems, it leads to a decrease in the trajectory resolution.

Hence, a scheme was adapted in this work, where a “major” trajectory, which starts a few kilometers from the
desired starting point, is first calculated to provide accurate initial conditions for the “minor” trajectory, which
is the final product. The minor trajectory starts where the major trajectory crosses the high gate altitude zjg.
As it will be seen in Subsection 2.5.3, this arrangement also allows to simulate divert maneuvers better, where
the landing point suddenly changes to a new point in the landing ellipse.
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2.5 Trajectory types

To ensure that the trajectories provide enough variation for learning and bring insight into effectiveness of event
camera in different flight regimes, three different trajectory types are considered and they are named ventral,
nominal and divert type. This section will provide the respective rationale behind each of them together with
a detailed description.

2.5.1 Ventral trajectories

The simplest possible trajectory is a purely ventral descent, where there is no horizontal velocity or attitude
maneuvers present. It is notable that in such a case, optimal control is always of a bang-bang type as outlined
by Meditch (1964) and the vehicle will be let to free-fall until a point where switching to maximum thrust will
result in zero velocity at the surface. An unfortunate consequence of this result is that all the trajectories will
exhibit the same velocity at a certain altitude z, if they already have the engine switched on. This may lead
to potential overfitting as the last parts of the ventral trajectories exhibit identical optical flow. This behavior
can be seen well in Figure 2.3 in Section 2.6.

While the ventral trajectory is not a realistic flight path for a vehicle all the way from the high gate to the low
gate, it is still interesting to investigate it in order to estimate performance. Moreover, the last few hundred
meters of a lunar landing trajectory may be well resembling a ventral landing scenario as e.g. shown in the
work of S. Li et al. (2015).

Initial altitude z(0) is sampled from z ~ Uniform(zhigh,zlow) and vertical velocity is sampled from v, ~
Uniform(v; jow, Uz, hign ). High gate altitude is sampled from 24 ~ Uniform(zpng,nighs 2hg,i0w)

2.5.2 Nominal trajectories

Nominal trajectory represents a typical scenario between the high gate and the low gate, where the spacecraft
reaches the high gate already aligned with the flight path to the desired landing point and proceeds as expected.

The parameters for the major trajectory are sampled in the following fashion. First, the initial ground range
R to the target is determined from R ~ Uniform(Rlow,Rhigh) and a random azimuth angle x is chosen as
k ~ Uniform(0, 27). This allows to find a horizontal position of the starting point x(0), y(0) as Rcos(k), Rsin(k).
Initial altitude, high gate altitude and vertical velocity are sampled identically to ventral trajectories. Horizontal
velocity is distributed with vy, ~ Uniform(vs, jow, Un,hign). The horizontal velocity is then broken down into x
and y component such that the spacecraft flies toward the origin as shown below. The spacecraft starts the
major trajectory always fully vertical and with zero angular velocity.
z(0)

vz (0) = —vp - W7 (2.9)

0y(0) = —vp - ——2O (2.10)

Va(0)2 +y(0)2

2.5.3 Divert trajectories

Divert trajectories represent a situation where a divert needs to be conducted after passing the high gate due
to e.g. the landing point being found unsuitable after closer visual inspection. These scenarios are included to
make sure that there are fast attitude maneuvers and unusual trajectory shapes included in the dataset.

The diverts are generated using the following scheme. First, initial conditions for a minor trajectory are
determined in a fashion identical to the process for nominal trajectory shown in Subsection 2.5.2. For the
minor trajectory, the landing point is shifted to a new random point within a circle with radius Rg;,. This may
generate significant maneuvers as the spacecraft alters its path away from the path set by the initial conditions.

2.6 Resultant trajectories

This section will describe the initial conditions used to generate the resultant trajectories and it will continue
to present a short overview of the trajectories themselves.
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2.6.1 Trajectory initial conditions

Based on the description of the Apollo trajectories in Section 2.2, parameters and parameter ranges for the
simulations were set. They are listed in Table 2.4. It is noted that, while there was an effort to keep everything
close to the Apollo trajectories, certain liberties were taken with the ranges to ensure that the trajectories are
sufficiently varied.

Parameter Symbol Value/Range

Ground range min Riow 5miles (8.04 km)

Ground range max Rhigh 7miles (11.26 km)

Initial altitude Zlow, Zhigh -10000 feet, -12000 feet (-3048 m, -3657 m)
Horizontal velocity magnitude | vp iow, Vn high 120 m/s, 200 m/s

Initial vertical velocity V2 lows Uz, high 20 m/s, 80 m/s

Maximum divert range Raiv 1 mile (1.609 km)

Minor trajectory start altitude | zngiow, 2hg,nigh | -7400 feet, -7600 feet (-1950 m, -2560 m)

Table 2.4: Parameters used to generate major trajectories and minor trajectory start altitude

2.6.2 Trajectory overview

Current state-of-the-art event-based datasets like Stereo Event Camera Dataset for Driving Scenarios (DSEC,
M. Gehrig, Aarents, et al. (2021)) often contain at least half an hour of labeled camera recordings, which is
demonstrably enough for learning in smaller networks. Since the flight time from the given initial conditions
to the ground will typically be around one minute, it was decided to generate 36 trajectories with 12 of them
belonging to each type.

Figure 2.3 shows the variation of vertical and horizontal velocity with altitude in different trajectories. This,
as can be seen from Equation 3.4, is the most important parameter as it will lead to a varied optical flow and
visual impression from the respective trajectories. It can be observed that a wide array of options is covered and
especially the divert trajectories add very unusual velocity profiles, which should reduce chances of overfitting
and allow to establish reliability of inference in different flight regimes.

I Ventral trajectories
_________________________ ---- Nominal trajectories
---- Divert trajectories

V> [m/s]
(¢}
o

500 1000 1500 2000 2500
—Z[m]

Figure 2.3: Vertical and horizontal velocities on the dataset trajectories plotted against altitude.

Figure 2.4 provides an overview of angular velocities against altitude on different nominal and divert trajectories.
What is noticeable are significant attitude maneuvers throughout large part of all the divert trajectories and
very large angular velocities at the low gate for all of the trajectories.
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Figure 2.4: Angular velocities on the dataset trajectories plotted against altitude.
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Chapter 3

Surface model and ground truth
motion fields

This chapter will introduce the visual model of the surface used for the investigations and the event camera
simulator. First, it will elaborate upon the pinhole camera in Section 3.1 and the choice of the landing site and
the surrounding environment in Section 3.2. Secondly, it will investigate how the surface can be generated using
the Planet and Asteroid Natural Scene Generation Utility (PANGU) utility by Martin et al. (2019) in Section
3.3. Lastly, the ground truth motion fields will be discussed in Section 3.4.

3.1 Pinhole camera

For simplicity, this work considers all cameras to act as ideal pinhole cameras, thus free of any distortions. This
means that point X,Y, Z in the F, frame (please refer to Subsection 2.1.1 for the specification of the reference
frames) will project into the point &, 4 on the image plane according to Equation 3.1 with f being the focal
length of the camera.

z X
| =—= 3.1
b=z o
The projection of a point on an image plane is further illustrated by Figure 3.1. Equation 3.1 can be easily
derived from this figure using similar triangles.

Figure 3.1: Projection of a point in the non-inertial frame F; on the image plane

An important parameter is the field of view of the camera and its resolution. In this work, all cameras are
considered to have a field of view FOV of 45 degrees and a resolution WxW of 200 x 200 pixels. As Azzalini

27



et al. (2023) shows, the focal length of a pinhole camera can be expressed from these parameters as outlined
below.

w
fe=—F—
2tan(¥)

3.2 Landing site and lighting conditions

(3.2)

This section will first briefly introduce the chosen landing site and motivate this choice. Then it will proceed
to describe the lighting conditions used in this work.

3.2.1 Landing site

The region chosen for the landing site in the simulated trajectories is the area around the lunar south pole.
This part of the Moon is particularly interesting from the point of view of optical navigation. There is a very
interesting interaction of areas of extreme illumination and darkness in the craters, as pointed out in Méartens
et al. (2024). Moreover, it is also a region of great scientific interest due to the believed presence of water ice
as stated in Wei et al. (2023). As a result, it is both the target of current landing missions like the Nova-C lan-
der described in Foust (2024) and future missions like the Chang’e 7 lander, which is outlined in Wei et al. (2023).

The specific landing site chosen for the simulation is the Sverdrup crater, which lies essentially at the lunar
south pole. It was chosen due to the immediate availability of a high-quality model by Martin et al. (2019), its
varied surroundings and its very flat terrain shown in Figure 3.2, which makes Sverdrup a good landing site.

Elevation (meters)
e 7010 (high)

- 765

-5480 (low)

Figure 3.2: Topographic map of the Sverdrup crater showing its flat floor and varied surroundings. Image taken
and modified from Stopar and Meyer (2019).

3.2.2 Lighting conditions

In reality, Sverdrup crater is covered in perpetual darkness as pointed out in Jia et al. (2022), but for the purpose
of the simulations, the solar elevation angle was increased to 10 degrees, such that the terrain is suitable for
optical navigation.

The 10 degrees angle was chosen to keep a rough similarity to the ground truth data used for the validation

coming from work of Mértens et al. (2024). Use of this data is further elaborated in Section 4.3. It is noted
that with such solar elevation, nearly all craters still contain areas of extreme darkness.
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3.3 Rendering of lunar scenery

This section will focus on the use of PANGU to generate RGB imagery, which represents what would be seen
by a camera on a lunar lander during the landing maneuver. First, the surface model and its shortcomings will
be discussed. Afterward, a short discussion is added about challenges of interpolating the image frames in order
to generate large-scale datasets with high frame rates efficiently.

3.3.1 Surface model

As already stated, the surface representation is generated using PANGU. The PANGU software can generate
a photorealistic scene using a Digital Elevation Model (DEM). In case of this work, a DEM with 240 m/px
resolution was used, which was based on the data from the Lunar Reconnaissance Orbiter. As such a resolution
is clearly too coarse for the purposes of optical navigation within kilometers or hundreds of meters from the
Moon, further enhancements were used in form of additional craters and boulders.

A significant disadvantage of PANGU is that it uses the Discrete Level of Detail method to increase the ef-
ficiency of rendering. This leads to a highly undesirable popping effect, where the level of detail suddenly
increases within a larger area between two frames. The difference between the low and the high level of detail
regions is demonstrated in Figure 3.3. This issue is however, believed to not have significant adverse effects on
the work, because the inspection has revealed that circa only one out of 200 to 300 frames is affected by the
sudden popping phenomenon if the simulations are run at 100 fps frame rate.

Figure 3.3: PANGU rendered regions with a different level of detail, the area marked red on the right is full of
craters and small scale features while the rest of the image is much more coarse.

3.3.2 Frame interpolation

It is noted that the surface rendering can be extremely consuming in terms of computational time and finishing
rendering of tens of final landing trajectories at frame rates appropriate for event camera simulators, which
often exceed 100 fps, can easily take days on a common GPU, if appropriate measures are not taken. In order
to mitigate this issue, experiments were made with motion-aware sampling and frame interpolation to decrease
the rendering efforts.

For the motion-aware sampling, the method proposed by Rebecq et al. (2018) is used. The timestamp of the
(k+1)-st sample is calculated as follows, with A being a tuning constant and /u2 + uz being the maximum

max
motion field magnitude at the time of sample k. Motion field can be calculated according to Equation 3.4. As
such, the timestamps are very dense when there is significant observable movement, and vice versa.

A
u? +u?
\ ]
max
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Three readily available interpolation methods were evaluated in order to reproduce high frame-rate imagery
from the samples.

e Option 1: Interpolation using the SuperSloMo neural network by Jiang et al. (2018)
e Option 2: Interpolation using a block matching algorithm implemented in ffmpeg by Tomar (2006).

e Option 3: Creating the intermediate frames by warping according to the known motion field using the
oflibpytorch library of Ravasio et al. (2021)

Options 1 and 2 do not make use of the known motion field. That makes them much more prone to error and
leads to undesired artifacts, such as “wavy” edges of the craters. Option 3, interpolation by warping the original
frames according to the known motion field, results in a much better estimate and should be preferred. Yet, it
introduces steps in intensity visible on an event camera, whenever an original frame, which is not a product of
interpolation, is passed. This is due to the forward or backward nature of the simple warping schemes, which
always take only one original frame into account.

Due to these issues a decision was made to rather not interpolate the frames and simply generate the surface
imagery at the lowest acceptable frame rate, which was deemed to be 100 fps based on the simulator charac-
teristics described in Section 4.1 and input nature to the processing methods described by Subsection 5.3.1.
Moreover, as already mentioned, the relatively modest resolution of 200x200 pixels was chosen to speed up the
rendering.

3.4 Ground truth motion fields

This section will focus on the topic of ground truth motion fields. First, it will show how the ground truth
motion fields can be calculated using trajectory information and the depth map. After, it will assess how depth
maps, necessary for generating such motion fields, can be generated using PANGU LIDAR simulation tool.

3.4.1 Estimating motion fields

As Grabe et al. (2015) notes, the motion field in point 4(&,§) can be expressed using Equation 3.4 with Z being
the depth of a scene point, which projects into point &, ¢ in the image plane.

8(.9) = (&) + L 9w (3.4)

The rotation-related matrix K(z, ) and translation-related matrix L(Z, §) in Equation 3.4 can be expressed as
follows according to Grabe et al. (2015).

K(;AU, Q) — [ _yAg/f (fij + 32'2)/]0 —Z):| (3'5)

B VI
v = § ) (3.6)

3.4.2 Generating depth maps

As it can be seen from Equation 3.4, it is necessary to know the accurate Z coordinates of all the points in
the field of view to obtain an accurate ground truth motion field. For this purpose, the PANGU feature called
“snapshot LIDAR” can be utilized. The “snapshot LIDAR” provides the slanted range I5(Z, §) to every surface
point in the field of view with a reasonably low rendering time similar to the one of a normal RGB image. It
achieves this performance by using a rasterization-based algorithm which, albeit less precise than the ray-tracing
options commonly found for LIDAR simulation, can still yield sufficient precision for the purpose at hand where
sub-meter errors have almost no influence.

From the pinhole camera geometry, shown in the Figure 3.1 it can be easily seen that Equation 3.7 is valid.

fls(2,9)

Z(&,9) = (3.7)
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Chapter 4

Event camera simulation and model
validation

This chapter will first justify the choice of an event camera simulator and present test results. Afterwards,
the event camera model used in this work will be described. Then it will follow to establish limitations of this
model. In the second half, it will concern itself with the validation procedure. First, available ground truth
data will be discussed. The validation metrics will be established. Lastly, the process itself and its results will
be introduced.

4.1 Event camera simulator testing

Based on the discussion in Appendix A, five simulators were selected for the testing as they represent the
state-of-the-art in different approaches to event camera simulation. They are summarized in the Table 4.1.

Simulator Source

v2e Hu et al. (2020)

DVS Voltmeter | Lin et al. (2022)
V2CE Z. Zhang et al. (2023)
IEBCS Joubert et al. (2021)
EventGAN Zhu et al. (2019)

Table 4.1: Event camera simulators chosen for testing

4.1.1 Test method

The chosen test case is a calibration file from dataset of Mueggler et al. (2017) featuring an event camera
moving around a chessboard in a natural light indoor scene. It was selected because it contains sharp move-
ment and a lot of contrasting features which makes it easy to simulate effects. The sensor used to capture the
ground truth is the DAVIS 240 event camera with an active pixel frame. First second of the recordings was
used to fit the simulator hyper-parameters and following four seconds to evaluate the behavior. The video was
artificially upsampled from 30 frames per second to 100 frames per second using Super SloMo Jiang et al. (2018).

Fitting the hyper-parameters is fairly non-trivial. However to assess the qualities of the simulators, it must
be done to a similar level for all the subjects of examination. As Lin et al. (2022) suggests, there is no clear
metric to compare two point clouds and both the event count and timing of the events matter. Therefore the
following method was used. The aforementioned one second long sample from the ground truth was fed together
with a one second long simulated sample into objective function L described by the Equation 4.1. Let Egim,
be the set of simulated events and &y the set of ground truth events. The selected objective function with
tuning weights C7 and Cs weighs a timing term represented by Wasserstein 1-distance between distributions of
time intervals 7, and 7, between events on individual pixels (a timing metric proposed by Lin et al. (2022))
and the sum of absolute differences between total number of positive and negative events generated in the one
second time-frame. This objective function was then optimized using Bayesian Adaptive Direct Search method
(Singh and Acerbi (2024)) which is very well suited for highly non-linear black box optimization problems.
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The author notes that the results of the optimization could definitely be improved, however this method is
considered sufficient to reveal most of the inherent qualities and deficiencies which the simulators possess.

L = CiWi(Tsim, Tgt) + Ca(|n(e € Esim,p=1) —n(e € Ege,p = 1)| + |n(e € Egim,p = —1) —nle € Eg,p = —1)|)

(4.1)
A special case is V2CE which does not have any parameters to tune as it fully relies on a pre-trained neural
network. It is therefore used with a model based on DAVIS 346 camera which is created by the simulator
authors and trained on the MVSEC dataset which includes mostly motion on vehicles in natural light (Zhu,
Thakur, et al. (2018)).

The metrics being investigated in the testing are the following:

e Computational cost
e Timestamp fidelity
e Event count and distribution fidelity

e Ease-of-use and flexibility

While computational cost is fairly straightforward, other metrics require some explanation. There is a good
reason to separate fidelity of event distribution and the fidelity of timestamps. As it can be seen in Appendix
D, large part of the relevant algorithms for event processing essentially discards the precise timing information
and utilizes only the event count-per-pixel over certain time interval. On the other hand some model-based
algorithms are very sensitive to precise timing information. Therefore it can be said that the importance of the
timestamp fidelity differs based on what is the output used for. Moreover there can be some sort of systematic
errors like e.g. events clustered around discrete timestamps which can have potentially an impact on learning
algorithms. The ease-of-use is very important in a time constrained project where main focus is on other topics.
Flexibility is also of major importance as the model needs to be plausibly adapted to lunar landing conditions.

4.1.2 Computational cost

The tests were carried out on a desktop with Intel Core i7-8750H CPU and 16 GB installed RAM. While it is
noted that it would be better to run the tests on a modern GPU, there were technical challenges with setting up
IEBCS in such an environment. However, in theory all the simulators are ready to be run on a modern GPU.
The results are summarized in Table 4.2.

Simulator Frames processed per second
v2e 11
DVS Voltmeter 22
V2CE 1
IEBCS 21
EventGAN 2

Table 4.2: Frames processed per second for the different event camera simulators under testing.

It can be seen that v2e, DVS Voltmeter and IEBCS have little appreciable difference between each other. V2CE
and EventGAN will be an order of magnitude slower than all of the other simulators. EventGAN is also excluded
from further discussion as it shows very little advantage over comparable V2CE in computational costs, while
having several major disadvantages over its peer such as a complete lack of precise timestamps.

4.1.3 Timestamp fidelity

Figure 4.1 shows samples of point clouds from the ground truth and each simulator for qualitative compari-
son. On first glance it can be seen that v2e generates the events around discrete timestamps which are evenly
distributed between the interpolated frames. V2CE, in accordance with the expectation, creates a point cloud
which fairly resembles the ground truth in its nature. IEBCS clusters the events in a manner rather similar to
v2e, however it does fill the in-between spaces with many additional events. Lastly the DVS Voltmeter creates
a point cloud showing a lot of resemblance to the ground truth in its form.

Comparison of time between sample consecutive events histograms shown in Figure 4.2 tells another part of
the story. The v2e histogram does indeed result in a number of discrete spikes in the histogram caused by the
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Figure 4.1: Point cloud samples generated by different event camera simulators. Of note is a tendency to cluster
the events close to discrete timestamps shown by v2e and IEBCS.

tendency to cluster to discrete timestamps. On the other hand, e.g. in this case it seems that the interpolated
frame rate is high enough to ensure that pixel temporal dynamics can largely be simulated well even in this
discrete manner. A drawback however is the inability of v2e to generate multiple events on one pixel in a very
quick succession. As can be seen from the ground truth, often a pixel fires multiple events in a very short
time-span. The ability to simulate this behavior is in principle missing in v2e.

The IEBCS shows slight problems with a spiky histogram similar to v2e albeit significantly less pronounced.
The event histogram is rather similar to the ground truth, but it was found extremely challenging to match the
thickness of the “tail” of the distribution.

V2CE also offers very event camera-like timestamps. The shape of the histogram indeed very well corresponds
to the ground truth. However it is impossible to adjust the parameters for the timing of events to fit a certain
distribution without having a very substantial amount of data to retrain the underlying neural network which
can result in significant disparities in some cases.

DVS Voltmeter tends to generate timestamp distributions closest to the ground truth. As will be discussed
later, however, this may come at a price of significant over-fitting to certain conditions under which the event
camera is used.

4.1.4 Event count and distribution

Surprisingly it was found that while it is no problem to fairly precisely match the number of events in the
training slice of the video, it is often very difficult to extrapolate this performance to the test slices. As the
numbers were found to vary a lot based on the sample, it was decided to not include a quantitative analy-
sis here. However it is noted that all of the simulated event counts often differed in the order of low tens of
percent while V2CE showed the lowest discrepancies and IEBCS the highest (sometimes as much as 60 percent).
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Figure 4.2: Histograms of time interval between consecutive events on a pixel for the ground truth and select
event camera simulators evaluated on 400 thousand randomly chosen events.

4.1.5 Ease-of-use and flexibility

The v2e simulator is a rather mature software with good documentation which is ready to be used in a pipeline.
The calibration however may be extremely tedious.

V2CE is by far the easiest simulator to use if the user mainly wants high fidelity simulation of an event camera-
like sensor and they are willing to use pre-trained neural networks supplied by the authors of the software.
However, if the user wants to simulate a specific sensor under specific condition, V2CE on the other hand
becomes the most complicated option as training the network is challenging and requires substantial amounts
of data.

TEBCS proved to be by far the worst simulator in terms of ease-of-use. The software is not ready to be used in a
pipeline and the user is required to spend a lot of time learning how to use it from poorly documented examples.
It is also really difficult to tune well and the user is constantly faced with significant amount of artifacts in the
resultant simulations.

DVS-Voltmeter is relatively ill-prepared for use in a pipeline and any user who wants to utilize it is required
to write significant amount of functions on their own. With regards to tuning, it is extremely flexible, which
comes as a double edged feature. It is possible to obtain very precise simulations, but there is a high risk of
overfitting. The authors have supplied a calibration procedure for DAVIS cameras and it brings decent results.
On the other hand it is very laborious to implement and manually tune. Unlike in v2e or IEBCS there is no
clear physical meaning to the tuning parameters and that makes the process much more difficult.

4.1.6 Trade-off between event camera simulators

The results of the testing can be summarized in a short trade-off addressing the relevant metrics which is shown
in Table 4.3. As it can be seen v2e and V2CE scored the same amount of points. Preference was given to v2e
because of the fast time-frame of the research.

4.2 Event camera model

This section will describe the event camera model used in the simulations. First it will introduce the simulated
non-ideal behavior and secondly, it will discuss the limitations of the event camera model.
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Simulator Comp. cost | Timestamp fidelity | Event c. and distr. | Ease-of-use and flex.
v2e + - + ++

DVS Voltmeter + ++ + _

V2CE - + ++ +

IEBCS + + - -
EventGAN + not tested not tested not tested

Table 4.3: Trade-off table assessing qualities of different event camera simulators. ‘++° translates as excellent,
‘+¢ as good, ‘-‘ as poor, and ‘—* as insufficient.

4.2.1 Simulated non-ideal behaviors

Brief introduction to non-idealities tied to event camera pixel can be found in Section A.5. Of these effects, it
was decided to simulate threshold value variation, leakage currents and the low-pass filter-like behavior of the
pixel as they are expected to be most significant in a mostly well-lit scene. An assumption is made that the
pixels behave similarly to the pixels in the bright recordings Neuromorphic-Caltech101 dataset (Orchard et al.
(2015)), which have their non-ideal behavior described in work of Hu et al. (2020). Although this assumption
is possibly far-fetched, it is necessary due to lack of better data. The values are summarized in Table 4.2.1.

Condition Value
Threshold variation 0.03

Leak events frequency | 0.1 Hz
Cutoff frequency 200 Hz

Table 4.4: Values for event camera simulator non-ideality parameters, data based on Hu et al. (2020)

A decision was made not to simulate shot noise, which is suggested by Hu et al. (2020) to be negligible in these
conditions, and pixel refractory period which seemed to have a rather limited effect on the number of events
produced by each pixel during experiments.

4.2.2 Model limitations

As Lin et al. (2022) notes, the v2e simulator does not accurately distribute timestamps at resolutions much
smaller than the input frame rates, which in case of this work is 100 frames per second as previously mentioned.
Instead, it tends to chunk the events around discrete times between the supplied frames as shown in Figure 4.1.
Hence, if accumulation of events into frames is used, the v2e input frame rate serves as a minimum resolution.

Furthermore, as already mentioned in Section 3.3, v2e reacts very poorly to the undesirable popping effects
coming from use of a 3D model with discrete level of detail texturing. The sudden appearances lead to spikes
in events in places where there should be none. However, as Figure 4.3 shows, for a typical trajectory, there is
one such spike per 200 or 300 frames, which is deemed fully acceptable for learning.

Lastly, it is acknowledged that it was observed that with increasing the v2e leak frequency settings, some pixels
become inactive with time. This lead to choice of leak frequency value on a lower side of the realistic and further
investigation in this area is recommended. The inactive pixels are extremely rare though and they are believed
to not significantly affect the processing.

4.3 Validation procedure

This section will first discuss the choice of the ground truth data to validate the dataset. Then it will continue
to introduce the validation metrics. Lastly, the processing of event data for the validation and the validation
process itself will be shown.

4.3.1 Choice of ground truth data

There is a number of vehicle motion event-based datasets recorded using an actual event camera. Currently,
the most widespread ones are the Multi Vehicle Stereo Event Camera Dataset (MVSEC) by Zhu, Thakur, et
al. (2018) and Stereo Event Camera Dataset for Driving Scenarios (DSEC) by M. Gehrig, Aarents, et al. (2021).
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Figure 4.3: Spikes in event count per input frame caused by the discrete level of detail changes in the underlying
surface model. Notice that they spikes occur only once per 200 to 300 frames

However, neither of these two commonly used datasets can be trusted to accurately represent the extremely
light and dark regions seen during a lunar landing. It can also hint at nothing about the interaction between
the event camera pixel and the often ragged lunar surface. Luckily, there exist two purpose-built datasets for
planetary landing - ventral landing dataset by McLeod et al. (2022) and Synthetic Lunar Terrain dataset by
Mértens et al. (2024).

As elaborated later in the Subsection 6.1.1 the camera will produce the same output if it is moving with a
velocity v towards an object at distance d and when the velocity is ¥ and the distance % with k& being any
positive real number. This allows to partially recreate the landing conditions in the constrained conditions of a
laboratory. Both the dataset by McLeod et al. (2022) and the dataset by Mértens et al. (2024) use this strategy

to obtain their recordings.

The dataset by McLeod et al. (2022) uses a robotic arm with a depth sensor attached, which moves around 2D
and 3D-printed planetary surfaces. As all the trajectories are purely ventral, this is enough to fully reconstruct
the optical flow as well, using the Equation 3.4. Unluckily, the surfaces used in this dataset represent primarily
Mars and Mercury, which both differ from the Moon significantly in terms of surface structure.

On the other hand the dataset of Mértens et al. (2024) uses an arm manually moved above a large 3D model
of terrain near the Lunar South Pole. This is interesting as with the interplay of very strong shadows and light
in this region, it is a great target for optical navigation. There are no data provided, useful to determine the
optical flow. Based on the similarity, a choice was made to proceed with the dataset of Méartens et al. (2024).

4.3.2 Validation metrics

Validating event camera models is challenging, because it is notoriously difficult to ”match” event clouds to each
other due to a lack of clear metrics as previously mentioned. Hence, it is necessary to look at the relevant use
scenario for the respective event stream and pick metrics for the purpose. This section will outline the choices
made in this work and motivate them appropriately.

With regards to the use of neural networks for optical flow determination, this is a relatively easy task. Vast
majority of such neural networks uses accumulated events frames with a predefined time resolution as an in-
put. As an example we can list the networks of C. Lee et al. (2020), Zhu, Yuan, et al. (2018) and Kosta
and Roy (2023). Due to this accumulation step, the exact timing information for the events is not very impor-
tant as it is lost anyway. What is critical though is the event count and distribution within this respective frame.

Moreover, we do not have to focus on the entire event stream, but we can only look at the spatio-temporal areas
with high event rate triggered by edges. Such areas carry by far the most flow information and hence they are
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the most important for the purpose. The next few paragraphs will define a method allowing to extract mean
event rate u., and its variance o, to describe event count and distribution in these spatio-temporal regions.

Let us define a set of events £ which belongs to a discrete time step At.

& =Ae(@i, §i,pi, ti) | t1 < t; < b1 + At} (4.2)

Every element of this set can be accumulated into a two-dimensional event frame F, as follows with ¢ repre-
senting the Kronecker delta.

Foo(#,9) = ) 6(2 — 2:)8(9 — §:) (4.3)
e; €&

The frame F, is filtered into a set of pixels Pe,, which includes only edge pixels with higher event rate, using
a uniform kernel K., with a., being a threshold number.

PGU = {Fev(iag) | Fev(jfa/g) * Kev 2 aev} (44)

From the set P., we can define our two crucial metrics which describe the edge behavior. That is the mean
event rate ., and its variance oe,.

1
Hev = W Z PZ (45)
Ul pPePey
1
Uzv = |,P ‘ Z (Pz - lffev)2 (46)
Ul PiePe,

It is noted that both p., and o, are dependent on the event camera parameters or the parameters of its model.
They also naturally depend on the texture of the surface, which is being recorded by the event camera, and the
optical flow.

4.3.3 Processing of event data

On the ground truth side, 10 random recordings from the SLT dataset were chosen and they were processed in
a following fashion.

1. Events were accumulated into frames F,, with a 25 Hz frequency

2. Frame-based Lucas-Kanade algorithm was applied to a grayscale representation of the flattened frames to
find the optical flow magnitude

3. Metrics ey and o, were calculated from the frames and their relation to the optical flow was established

The choice of the frame-based Lucas-Kanade algorithm to extract the optical flow from the events may be very
surprising. In this case, it has its logic though. The dataset contains areas of both extreme darkness and light.
The areas of extreme darkness in the craters are almost event free as a result. Hence, the edges of the craters
are very well visible to such an algorithm and result in reliable predictions. Moreover, it is very easy to visually
verify that the Lucas-Kanade algorithm indeed tracks the target points correctly and its implementation with
the OpenCV library by Bradski (2000) is trivial.

On the side of the synthetic data a simple translational trajectory with variation of optical flow is prepared and
processed in an identical fashion.

4.3.4 Tuning and results

The proposed tuning process is iterative. During the first iteration, the data from the SLT dataset are processed
according to the steps described in the previous subsection and an initial camera threshold 0oy orF value is
chosen for the event camera simulator based on the settings used for the SLT dataset. u., and o, are found for
both SLT and the synthetic data and compared against the optical flow. To tweak pi, for the next iteration, it
is recommended to change the threshold 0 /o rr for the v2e simulations. On the other hand, to have a major
effect on oy, it is recommended to decrease contrast in the PANGU-generated frames using Tomar (2006). The
flow of the process is illustrated in Figure 4.4.

For the purposes of this work, it was considered unnecessary to try to make the tuning process automatic
and the threshold and contrast values for further iterations were simply based on educated guessing. In this
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Figure 4.4: Iterative tuning process

case it seems sufficient as it is not the task to fully restore the, anyway very variable, camera settings like the
thresholds, but to merely create a roughly realistic model of the pixel-surface interaction.

The tuning in this work converged to what was deemed acceptable after 16 iterations. The graphs representing
the variation of pe, and o., against the magnitude of optical flow are shown in the Figure 4.5. The final
logarithmic threshold 8oy, forr value used in the work is set to 0.12 and the contrast was dimmed by 28 %
compared to original PANGU imagery.

Lastly, based on the personal discussion with the authors of Mértens et al. (2024), it is noted that even the
synthetic surface used for their recordings, differs from the actual lunar surface. Due to health and cost issues,
their work uses a combination of crusher dust and blast furnace slag to model the terrain leading to an albedo
very close to lunar south pole. However, such material leads to a more grainy texture than an actual regolith. As
such, the event camera signal becomes more spread around the edges, compared to sharper transitions expected
in reality. Nevertheless, this work does not attempt to mitigate this issue. It merely states that the assumption
to validate against the data from Mértens et al. (2024) is conservative as in reality the edges are expected to
be sharper and hence produce more orderly events and be generally easier to work with.
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Figure 4.5: Event rate and its variance during the validation process. SLT represents the ground truth and
PANGU the synthetic imagery. Shaded area belongs to one standard deviation.
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Part 11

Learning optical low and estimating
egomotion
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Overview

This part of the report will introduce the process of learning optical flow using spiking neural networks from
the dataset and recovery of egomotion from the optical flow. Figure 4.6 gives a rough outline of the egomotion
inference task. First, optical flow is found from events. The resultant flow is inputted into an egomotion esti-
mator, which will give the final product with assistance of additional information about altitude and possibly
attitude.

Spiking Neural ) )
Network Egomotion estimator
Events—»- _Optical flow—>| L Egomotion
(Chapter 5) (Chapter 6)

Altitude and attitude information

Additional
measurements

Figure 4.6: Overview of the process of learning the optical flow and egomotion inference

Chapter 5 will focus on the supervised learning of the optical flow from events. First, it will discuss the choice
of the spiking neural network models for this purpose. Then it will introduce architectures, training strategies
and handling of temporal information inside these chosen networks. It will add a discussion about the loss
functions and lastly present the results of the training.

Chapter 6 will study the problem of turning optical flow into egomotion. First, it will properly introduce
the problem. Secondly, it will introduce three regimes of the aforementioned additional attitude and altitude
information which are to be studied. Then, it will focus on solving the problem from mathematical perspective.
Propagation of errors and effect of spatial correlation between errors in the optical flow will be studied and a
simple navigational filter will be laid out. Lastly, results of simulations will be presented.
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Chapter 5

Learning optical flow using spiking
neural networks

This chapter will deal with the task of learning the optical flow from events using spiking neural networks. First,
it will discuss the choice of two models for further evaluation in Section 5.1. Afterwards, it will introduce the
architectures of the models in Section 5.2. Furthermore, the handling of temporal information in the models, an
area of great importance and potential in spiking neural networks, will be compared in Section 5.3. Afterwards,
loss functions will be discussed, involving a proposed anti-spatial correlation term in Section 5.4. A benchmark
model is introduced in Section 5.5. Lastly, the results will be presented and considered in Section 5.6.

5.1 Choice of the SNN models for evaluation

The literature study identified a number of possible candidate models for the spiking neural network, which
greatly vary in architecture, number of parameters and purpose. While it is very difficult to make a fair com-
parison, perhaps the best available metric is the performance on the indoor trajectories of the MVSEC dataset,
which is reported for all the considered networks. The MVSEC dataset performance for various identified SNNs
shown in Table 5.1 reveals a remarkable dominance of the OF-EV-SNN by Cuadrado et al. (2023). The network
in question achieves superior performance with a significantly lower amount of parameters than is common.
Considering that OF-EV-SNN is also designed to be particularly friendly to neuromorphic hardware, it is an
obvious choice for testing.

However, to show that this counterintuitive result is true and the OF-EV-SNN will outperform the other net-
works on the landing task as well, it is necessary to also test at least one of the competing networks to confirm
that this disparity is present. For this purpose, the Micro Adaptive-SpikeNet was chosen for its similar ar-
chitecture and size, which allows a very interesting comparison of two different ways how to handle temporal
information.

Model Author Indoorl | Indoor2 | Indoor3 | Sum | Params (x10°)
LIF-EV-FlowNet Hagenaars et al. (2021) 0.71 1.44 1.16 3.31 20.4
SNN-Timelens Schnider et al. (2023) 0.70 1.30 1.05 3.05 25.35
Base AdaptiveSpikeNet | Kosta and Roy (2023) 0.84 1.59 1.36 3.79 13.04
Micro AdaptiveSpikeNet | Kosta and Roy (2023) 0.95 1.74 1.48 4.17 0.93
OF-EV-SNN Cuadrado et al. (2023) 0.58 0.62 0.67 1.87 1.22

Table 5.1: Average endpoint error performance comparison of various well-performing models on the indoor
trajectories of the MVSEC dataset. The data is taken from the respective articles.

5.2 Network architecture and training

This section will describe architecture and training methods present in the chosen neural networks. It relies on
Cuadrado et al. (2023) and Kosta and Roy (2023) for this information.

Both OF-EV-SNN and Adaptive-SpikeNet utilize the so-called U-Net architecture, described in Appendix D,
with a four-stage decoder and encoder. This high-level similarity allows for an interesting comparison between
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these two networks as it makes it possible to assess the performance of lower-level components. A high-level
illustration of this architecture, valid for both networks, can be seen in Figure 5.1.

SK4
IN EN4 DE4 PR4
SK3
EN3 DE3 PR3
SK2
EN2 DE2 PR2
SK1
EN1 f DE1 PR1
1 RES

Figure 5.1: U-Net-like architecture of the chosen networks

Both of the networks take the input (further described in Subsection 5.3.1) into an input block (marked IN),
which is connected to a four-stage encoder (EN1-EN4). Each of the encoder stages performs a convolution
and doubles the number of channels. However, as Cuadrado et al. (2023) highlights, OF-EV-SNN chooses
maximum pooling instead of strided convolution for improved neuromorphic hardware-friendliness in contrast
to Adaptive-SpikeNet. It is also important to note that the OF-EV-SNN encoder performs convolution along
temporal channels as well to improve performance as elaborated in Subsection 5.3.2.

OF-EV-SNN offers a single residual layer (RES) with non-strided convolution to process the encoder input. On
the other hand, a substantial part of the Adaptive-SpikeNet parameters belongs to a residual with four layers
and two internal skip connections to ensure preservation of undistorted information.

Both of the networks utilize a four stage decoder as well (DE1-DE4). At each decoder stage the number of
channels doubles with upsampling. Also, all of the stages are connected to the respective encoder stage by skip
connections (SK1-SK4) in order to preserve low-level detail. The decoder stages output directly into predictor
blocks (PR1-PRA4).

A notable feature is that all the predictor blocks then play a role in the final inference which is at the same
spatial resolution as the input block.

Both networks are trained using the, currently rather common, backpropagation with a surrogate gradient. This
method is further described in Appendix C. Learnable leaks and thresholds, further described in Subsection
5.3.2, represent an interesting improvement of this method utilized in the Adaptive-SpikeNet network. While
training times are highly dependent on exact formulation of the loss function, it can be generally expected
that training a model will take a day or more on a modern GPU. The process is also highly challenging from
perspective of resource management as training such networks with inherent recurrence is very memory intensive.

5.3 Handling of temporal event information

This section will describe the handling of temporal event information in the two chosen networks. It again relies
on Cuadrado et al. (2023) and Kosta and Roy (2023) for this information.
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One of the biggest challenges in event-based optical flow is appropriate utilization of event timing informa-
tion, which can greatly improve performance. And the handling of temporal information in OF-EV-SNN and
Adaptive-SpikeNet is in sharp contrast. OF-EV-SNN relies on temporal convolution to explicitly capture im-
portant relationships, while Adaptive-SpikeNet utilizes the inherent qualities of the neurons. This section will
further discuss the differences in this part in the input to the network and then in the network itself.

5.3.1 Network input
Let € be a set of events between the times ¢; and ¢ + At.

&= {6(5?}7;,@1‘7pi,t7;) | t1 <t; <t1+ At} (51)

Then Adaptive-SpikeNet uses the following accumulation scheme into an event frame with dimensions (B, P,
W, H) where B is the number of temporal bins, P are the two polarity channels and W and H are width and
height. First, event timestamps are converted to a range according to the number of bins as seen below.

ti—11
At

Then, the event frame Fagy is generated by bilinear interpolation along a temporal dimension kernel Kagn
and assigning the events using Kronecker delta d to a correct pixel.

bi=(B-1)

(5.2)

Fasn(&,5,p,0) = Y Kasn(b—b:)d(p — pi)d(& — 2:)5(9 — v) (5.3)
e;€E
Kasn(a) = max(0,1 —|a|) (5.4)

The bilinear sampling allows to retain some of the temporal information as an event near an edge of a spatio-
temporal voxel now also projects into the temporally neighboring voxel to a lesser extent. It is noted, that
the Equation 5.3 slightly differs from the version presented in Kosta and Roy (2023) as the original work also
carries out bilinear interpolation along the spatial dimensions. That is because events fall between pixels due
to the rectification of the non-ideal camera. However, this can be ignored here as the pinhole camera used in
this work is ideal, hence the use of Kronecker deltas instead.

The frame Fagy is further subdivided into a former and a latter group of events (b < B/2 and b > B/2) and
according to polarity to form four channels. These four channels are then sequentially passed to the network
over B/2 time steps. As Kosta and Roy (2023) notes, this allows to capture the small-scale temporal devel-
opments between each of the time steps, but also the large-scale temporal differences between the former and
latter event group at the same time.

In the context of this work, B = 10 with 10 ms time steps leading to a 100 ms receptive field. A limitation
is appreciated where the learning can be affected by the discrete effects from the v2e simulator which have a
similar frequency. Please refer to Subsection 4.2.2 for further detail on these limitations. However, the bilinear
interpolation process is believed to mitigate this issue partially. Values larger than 10 ms were not opted for as
they tended to perform worse in training during short experiments.

On the other hand, OF-EV-SNN accumulates the events into a frame Fpgpg with B temporal bins as follows
while II is the boxcar function. The frame Fpgg is then passed to the network at once.

FOES(£‘7 g),p, t) = H(t — ti)é(p — pl)é(j — xz)é(gj - yz) (55)

B = 21 is used with the OF-EV-SNN in this work with each bin spanning 9 ms leading to 180 ms receptive field.
Again, it is appreciated that this 9 ms is close to the minimum temporal resolution. However, models trained
with such time spans again tended to perform better than with larger time spans based on short experiments
and if there are discrete effects at play, they should disappear in the first layers with the temporal convolution
described in the next section.

5.3.2 Neuron models and temporal convolution

The Adaptive-SpikeNet of Kosta and Roy (2023) relies purely on the inherent qualities of Leaky Integrate-and-
Fire (LIF) neurons to learn the temporal dependencies from the provided input. The state equation of the LIF
neuron taken from Kosta and Roy (2023) is shown below. There u! is a vector of potential on neurons in layer

I at time step t, W the vector of synaptic weights between | and the previous layer, ol the vector of binary
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spikes outgoing from the layer [ at time step ¢t and constants A; and vih being the leak value and firing threshold
respectively.

ul = ul | + Wl -4l 0l (5.6)

Then, as Kosta and Roy (2023) notes, the generation of spikes ol at layer [ and time step ¢ follows the rule

presented in Equation 5.7.

ul B ol 1, ifz >.07 (5.7)
0, otherwise.

A very interesting feature of Adaptive-SpikeNet are the layer-wise learnable values of \; and vih, which are
incorporated in order to mitigate the well-known vanishing gradient problem mentioned by Hagenaars et al.
(2021). This is in contrast with typical practice, where these values are set manually.

In contrast, OF-EV-SNN utilizes explicit temporal convolution for this task and the Integrate-and-Fire (IF)
neurons used in the network are substantially less powerful than their LIF counterparts on their own. As shown
in Equation 5.8, the IF neuron equation lacks the leak term and hence cannot prioritize more recent information.
Spike firing follows the rule shown in the 5.7. Values of A; and v/, are hyperparameters to be manually tuned.

1 -1 _ 1
u, = W0, — vy,0; (5.8)

Surprisingly, OF-EV-SNN utilizes an unusual mechanism in which all neurons are reset after each forward pass.
However, as Cuadrado et al. (2023) notes, this solution is compatible with neuromorphic hardware and even
achieves lower power consumption values, because the reset is less demanding from an energy perspective than
the leak.

The explicit temporal convolution in OF-EV-SNN is carried out with a kernel having a stride of one and a
size of liemp along the temporal dimension while being unpadded. Hence, with every step of the encoder, the
number of temporal bins decreases by lemp — 1. As already noted in Subsection 5.3.1, the input event frame
Fogs has B temporal bins and a B is chosen such that the amount of bins at the residual layers is equal to one
(hence, if there are e.g. five input layers and liemp = 5, then B = 21 should be chosen).

As the temporal dimension disappears before reaching the decoder, this raises an obvious question of how the
skip connections are realized with the respective decoder and encoder stages having different dimensions. Here
Cuadrado et al. (2023) proposes to prioritize the most recent information and connect only the last temporal
bin using the skip connection, disregarding the rest.

5.4 Loss functions

The process of determining the loss functions was iterative and to a large extent depended on the analysis in
Section 6.3. The focus was to provide such optical flow estimate, that will behave well if used as an input to
the egomotion estimator described in Section 6.2.

Based on the roughly linear relationship between Average Endpoint Error (AEE) and the errors in egomotion
estimation as seen in Figure 6.4, it was decided to use simple AEE as loss type L, for training as seen in
Equation 5.9 with P;,, being set containing coordinates of all pixels in the image plane with side W.

Lo=iim O I0(5) — Gend )] (59)
Z,9€Pim

However, as explained in Section 6.3, large-scale overfitting to global context can have major negative effects
on the egomotion estimations. Hence, a loss term penalizing such behavior is proposed. Geometric mean filter
of size 21, + 1 is passed over both components of the flow field difference fig; — Qe to form vector m(z,y) as
shown in Equation 5.10. This vector should tend to zero if there are no spatial correlations between the error
of different point inferences. Hence, it is summed over the field to form the loss term AC' as shown in Equation
5.11. Value of 2[,, + 1 = 49 was used in for this entire work based on experimentation.

Im lm
1

m(z,y) = @mt 1) DY (bglr+i,y+7) — Gest(z + 4,y + ) (5.10)

i=—lm j=—lm
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AC= o Y ()] (1)

Z,9€Pim
The correlation-aware loss type is denoted as £, and takes the form shown below. Experience had shown that
the value of constant p = 0.5 leads to decent results.

L, = AEE + pAC (5.12)

Overall, four models with different loss terms were trained. They all are listed below together with colors, which
are used for these models in all the figures in this report:

e ASN model uses £, loss and will be signified by this color: Il
e ASN AC model uses Ly loss and will be signified by this color:
e OES model uses L, loss and will be signified by this color:

e OES AC model uses L loss and will be signified by this color:

5.5 Benchmark

Finding a fair benchmark to the spiking neural networks is difficult. For a real-time navigation application,
computational cost matters tremendously if a computer with Von Neumann architecture is used. However,
with a spiking neural network running on a neuromorphic chip, this is much less of an issue. To keep the
comparison meaningful, it was decided to pick a close counterpart of the two spiking neural networks, which
has state-of-the-art or near-state-of-the-art performance.

And the closest such analogue is the hybrid Spike-FlowNet of C. Lee et al. (2020) which combines a spiking and
analog neural network and follows the same four-stage U-Net architecture as OF-EV-SNN and Micro Adaptive-
SpikeNet. While this model is reported to achieve a somewhat worse MVSEC performance than e.g. E-RAFT
by D. Gehrig et al. (2018), it is near the state-of-the-art. The amount of channels in the encoder and decoder
can be reduced in order to match the fully spiking models. The benchmark will be from now on referred to as
the BM model.

As C. Lee et al. (2020) explains, the idea behind the Spike-FlowNet model is fairly straightforward. The spik-
ing encoder handles the temporal information in the input, but the analog decoder ensures that no malicious
effects of spike vanishing appear. Diagram of the architecture together with further explanation can be found
in Section D.3.2.

BM model uses L, loss and will be signified by this color:

5.6 Experiments and results

This section will report on the setup of experiments and the respective results for use of both the Micro Adaptive-
SpikeNet and the OF-EV-SNN spiking neural networks in learning optical flow. First, it will introduce the
parameters and methods used during the training. Then it will interpret the results of said training.

5.6.1 Implementation

Both Micro Adaptive-SpikeNet and Spike-FlowNet were based on modification of code provided by Ponghiran
et al. (2023). This implementation utilizes pure PyTorch of Paszke et al. (2019) with custom spiking modules
by the authors.

OF-EV-SNN network was adapted from code of Cuadrado et al. (2023). Here, PyTorch in combination with
SpikingJelly library by Fang et al. (2023) is used.
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5.6.2 Method of training

As the event rate and structure closely resembles the DSEC or MVSEC dataset, original hyperparameters rec-
ommended by the authors of Kosta and Roy (2023) and Cuadrado et al. (2023) were used to train the networks.
For Micro Adaptive-SpikeNet that means fixed learning rate of le~* and a batch size of 8. For OF-EV-SNN it
is learning rate of 2e~* which decreases by half every decade of epochs. Batch size of 8 was also used. Lastly,
for the benchmark, learning rate of 5e~5 was utilized as recommended by C. Lee et al. (2020).

During training, no augmentation was used. Based on preliminary experiments with cropping, flipping, rotation
and event dropout, it is believed that it would result in an improvement in performance. However, such a result
would be very specific to the dataset used and there is no guarantee that it would work similarly with another
landing dataset. Moreover, while the absolute values of performance slightly improve, the relative standing of
the models was found to be the same.

The original test set was further split into a test and validation set. The models were trained until the loss on the
validation set stopped decreasing, which happened after 30-40 epochs for all of them. The model corresponding
to the epoch with best results on the validation set was then picked.

5.6.3 Average Endpoint Error

Table 5.2 reports the mean AEE values for each of the models. First of all, it should be noted that the values
significantly exceed the AEE values reported for the MVSEC dataset in Table 5.1. This suggests that the size of
the dataset, lack of variety or the nature of the flow makes it significantly harder to estimate than in MVSEC.
It remains for future investigations to explain this disparity. Secondly, it can be seen that the best performing
model is the OES AC by a considerable margin of 15 % ahead of OES and with 13 % on the benchmark. Both
the ASN based models trail behind the rest significantly, albeit not as significantly as Table 5.1 implies for
MVSEC. However, the OF-EV-SNN superiority can be considered confirmed.

Model Vv N D | Sum
ASN 1.31 | 403 | 3.76 | 9.10
ASN AC | 1.34 | 3.72 | 3.63 | 8.69
OES 0.75 | 2.78 | 3.26 | 6.79
OES AC | 1.03 | 1.76 | 2.93 | 5.72
BM 0.70 | 3.01 | 2.90 | 6.61

Table 5.2: Mean AEE values for models across trajectory types (V, N, D) and their totals.

For better illustration, the median values AEE together with the distributions for different models and trajec-
tory types are also shown in Figure 5.2. On the first glance it can be seen that the median AEE is substantially
different from the mean AEE for almost all of the models and trajectories. Another noteworthy fact is the
marginal difference between ASN and ASN AC in contrast to significant differences between OES and OES AC
where the latter mostly outperforms the former.

It is an interesting question whether AEE increases in fields with a higher average magnitude of the optical
flow. If that is true, trajectories with significant attitude maneuvers like divert trajectories will always lead to
worse AEE values as they typically involve optical flow with large magnitudes. Figure 5.3 reveals that there
exists such a relationship and higher optical flow leads to increased AEE with both the OES AC and the BM
model. A question whether this is due to inherently higher difficulty of predicting the larger optical flow vectors
with the same precision or due to underrepresentation of this condition in the dataset remains to be answered
in future work.

5.6.4 Spatial error correlation

In Section 5.4, a loss term AC is proposed, which is supposed to discourage large scale spatial correlation be-
tween errors and as such improve the performance on egomotion estimation task. This loss term was evaluated
on all the five models and three trajectory types. The median values together with the distributions are shown
in Figure 5.4.

It is noted that the overall values of AC are very high and nearing the values of AEE in almost all models.
This suggests that the models still overvalue global context over local context highly, and this is adversely
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Figure 5.2: Distribution of AEE for the five different models and three different trajectory types (ventral - V|
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Figure 5.3: Average Endpoint Error as a function of average optical flow in OES AC and BM models. Shaded
area represents one standard deviation.
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Figure 5.4: The distribution of Anti-Correlation term AC among the five models and three trajectory types.
Notice the superiority of the AC models and high absolute values.

impacting the results. However, it can be also seen that applying the AC loss term during training has strong
positive aspects in this area and preliminary experiments with more complex functions which punish correlation
at multiple levels of scale suggest possible further improvements.
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Chapter 6

Optical flow to egomotion

This chapter will treat the problem of estimating optical egomotion from optical flow. First, the problem will be
formally introduced, and three regimes with varying input variables will be discussed in Section 6.1. Secondly,
it will be shown how an overdetermined system appears during the estimation process and its solution will be
shown in Section 6.2. Then a Monte Carlo sensitivity analysis focused on propagation of errors and effects of
error correlation follows in Section 6.3. Also included is a short look at a navigation filter, which increases
performance of the estimator in Section 6.4.

6.1 Problem overview

The first part of this section will introduce the problem at hand, establish error metrics and give a rough outline
the solution process. It will also show which variables are necessary to uniquely solve the problem. The second
part of this section will outline and justify three different test regimes of varying complexity used in this work,
which all utilize different set of known variables.

6.1.1 Problem introduction

The purpose is to estimate the vehicle velocity v = [vs,v,,v.]T in the inertial frame F; (O;, z, y, z) from
a set of multiple optical flow measurements {i(#,9) | £, € P} using a planar approximation for the lunar
surface. In order to achieve this, it is necessary to first use the optical flow to estimate the vehicle velocity
Vb = [Ub.x,Vby, Vb, z]T in the non-inertial vehicle body frame F, (O, X, Y, Z) and, if attitude is not considered
known, a vector n = [nx,ny,nz]T which is normal to the planar approximation of the lunar surface. This
vector can then serve to find a transformation between the two reference frames. For better illustration of the
coordinate systems, please refer to Subsection 2.1.1.

It is noted that such a problem is ill-posed without additional information. As Grabe et al. (2015) notes, there
is an inherent scale ambiguity, in the estimation of velocity using optical flow. The optical flow @ in point Z, g
can be expressed using Equation 6.1 with Z being the depth of a scene point, which projects into point &, ¢ on
the image plane.

a(%,9) = K(&, f)wn + L 9)v (6.1)

The rotation-related matrix K(Z, §) and translation-related matrix L(#,§) in Equation 6.1 can be expressed as
follows.

o ais (Pasadf -
K(z’y)‘[ (Fa-i)/f wilf x} (6:2)
v =5 7] (63)

The depth of the scene point Z is an unknown variable, but it can be constrained using the planar surface
assumption shown in Equation 6.4 as P. Li et al. (2015) notes.

nxX +nyY +nzZ =—z (64)
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By studying Equation 6.1 and Equation 6.4, we can observe that the optical flow will be identical if vy, —z
is a solution, but also if kvy, —z/k is a solution, with k being a scaling factor. Hence, as Grabe et al. (2015)
notes, another metric measurement from a different instrument needs to be provided to uniquely reconstruct
vp. Additionally, as Grabe et al. (2015) also states, set of at least four optical flow measurements is required,
so that a system of stacked instances of Equation 6.1 can have a unique solution. This number decreases to
three if wp is assumed to be known.

Going further, as Azzalini et al. (2023) states, after the velocity vy, and vector n are found they can be converted
to v in the inertial frame as shown below.

V= R(¢a 0; T/J)Vb (65)
With the matrix R(¢, 0, 1) being expressed as follows.

cosfcos®y —cospsiniy +singsinfcosy  sin@siny + cos ¢ sin 0 cos P
R(4,0,v) = |cosfsiny  cos¢cosy +singsinfsinyg  —sin @ cosp + cos ¢ sin 6 sin ¢ (6.6)
—sinf sin ¢ cos 6 cos ¢ cosf

Where the angles # and ¢ can be found using the expression below.

—sinf
n= |sin¢cosf (6.7)
cos ¢ cos 0

It can be seen that there is no way to reconstruct the angle ¥ from the normal vector n. This is a rather
intuitive result, since vector n does not encode any heading information. Hence, ¥ needs to be provided to give
a unique solution. It is noted that the knowledge of the angle 1) does not really help to recover the shape of
the trajectory, but merely indicates from which direction is the landing site being approached. As a result, this
assumption is considered to not affect the contribution of the work.

In summary, the minimum required information to make the problem of velocity inference well-posed are:
e set of three or more optical flow measurements {Q(Z, §) | Z,9 € Pmc} (four if wp is not known)
e additional metric measurement, like e.g. an altitude reading, to resolve scale ambiguity in Equation 6.1
e yaw angle ¢ to determine the heading in the matrix R(¢,0,1) shown in Equation 6.6

However, as outlined in the following Subsection 6.1.2, further information may be provided to increase the
accuracy of the solutions.

Lastly, egomotion related error metrics need to be established in order to be optimized. As seen in Equation
6.1, a simple sum of the Egomotion Error (EE), as shown below, is insufficient on itself. This is because
the translational component of optical flow scales indirectly with altitude, causing the metric to be dominated
by high-altitude segments of the trajectory. In these regions, even a small optical flow error can result in a
significant F'E.

EE = [[Vest — Vgt|| (6.8)
Hence, following altitude-insensitive Altitude Corrected Egomotion Error (ACEE) is introduced as follows to
mitigate this issue.

[Vest — Vgt ||

ACEE = | (6.9)

—Z

6.1.2 Information regimes

As already noted in Subsection 2.1.2 it may be beneficial to provide additional information above the minimum
required set to improve the estimates. It is important to study the effect of the exact information sets on
accuracy, especially with regards to solving the aforementioned scale ambiguity in the Equation 6.1.

In the current time, lightweight Sagnac effect gyroscopes are fairly widespread. These instruments, as pointed
out by Armenise et al. (2011), reach much higher precisions when estimating rotational rates than would be
expected from an optical navigation system such as the one treated in this work. Hence, for the purpose of re-
alism, we will consider the rotational rate wp to be known from a hypothetical gyroscope for all our experiments.
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Furthermore, three regimes are proposed to evaluate the sensitivity of the results to known information. They
are named as and listed with increasing difficulty as follows.

e Known Altitude and Attitude Regime (KAA)
e Rangefinder Regime (R)
e Known Altitude Regime (KA)

Known Altitude and Attitude regime is included to investigate possible precision of estimates in a case, where
the spacecraft is well instrumented and the altitude and attitude readings are provided to estimate the velocity
v. It is noted that as can be seen from Section 6.2, it does not matter whether the known variable is altitude
or another range reading such as the one described in the next paragraph. In reality, this regime could easily
correspond to a lander, which is e.g. utilizing a gyroscope, star tracker and a rangefinder. This regime is
considered to be closest to probable use of event camera.

The Rangefinder Mode is meant to represent a realistic scenario, where a lander is flying with the true minimum
set of instruments required plus a gyroscope. A forward-pointing rangefinder is providing the scale information
to resolve the scale ambiguity through a reading [, as shown in the Figure 6.1. The attitude is considered
unknown. It may seem strange to include a scenario featuring both unknown attitude and a gyroscope at the
same time, but independent attitude measurements absolve the spacecraft from requiring any precise initial
attitude estimate or a low gyroscope drift. Lastly, the results are strongly indicative of potential with regards
to landing site slope reconstruction, which is another important problem from similar class.

Figure 6.1: The event camera field of view (in red) and the rangefinder (in blue). The meaning of distance I, ¢
can be seen from the figure.

Then comes the hardest Known Altitude regime. Here the actual altitude above surface is provided directly by
e.g. radar altimeter. From the perspective of landing on planetary bodies with an atmosphere, it is even more
practical as it could e.g. utilize information from pressure altimeter. As this is a common problem in the area
of unmanned aerial vehicle control, it also provides direct tie to other works in this field like Grabe et al. (2015)
or P. Li et al. (2015).

Table 6.1 gives an overview of the additional known variables in each of the regimes.

Regime |z | ¢ |0 | ¢ | p| q | r | Rangefinder
KAA o o |0 | o | 0|0 |0
KA ° o | o |0 |6

R o | o | o | 0@ °

Table 6.1: Known additional variables for each regime.
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6.2 Solving the overdetermined system for egomotion

This section will discuss the least-squares solutions to an overdetermined system reached by stacking multiple
instances of Equation 6.1 from different point inferences. As it will be seen, this solution greatly differs when
additional information are introduced. First, the KAA regime will be discussed followed by the R regime and
the KA regime.

6.2.1 Known Altitude and Attitude regime

In the case of the KAA regime, the solution is very simple and will be outlined in the next few paragraphs.
As P. Li et al. (2015) notes and as can be seen from Equation 3.1, it is possible to rewrite Equation 6.4 for a
pinhole camera with focal length f in the following way.

nx(X/Z) +’ny(Y/Z) +nz _ nx(i/f) +ny(gj/f) +nz _ l (6.10)
—z —z Z '
Equation 6.1 can then be rewritten in a way shown in Equation 6.11.
N N -1 | Vb, X
PP o ISP nx(z/f)+n +n 0 - ’
0(0,9) - K(3. o = (3, g) = IO T [16 8 1 (6.11)

Vb,z

The vector n can be found from angles ¢ and 6 using Equation 6.7 and the altitude z is known. Hence, the
Equation 6.11 can be stacked from different points to create a system of a form shown by 6.12. This system
then can be solved for least-squares fit easily as matrix A is full rank.

L An-b (6.12)

—Z

6.2.2 Rangefinder regime

The R regime using a rangefinder is much more complex than the KAA regime. This is due to the attitude,
and by extension vector n, being considered unknown. First, it is noted that the as can be seen from Figure
6.2, the rangefinder reading I, relates to altitude z as follows.

—Z = lelrf (613)

Figure 6.2: Normal vector n (green), reference frame F, (red) and the relevant distances lf, (blue) and —z
(orange). Note the two similar triangles, which lead to nz/1 = —z/l,¢

Similarly to previous section, we can combine Equations 6.10, 6.4 and this time also Equation 6.13 to reach
Equation 6.14.

(nx /n2)(@/f) + (ny f2) G/ ) +1 _ 1 6.1
lpy Z '
Combining equations 6.1 and 6.14 leads to a following expression where @'(,9) is a de-rotated optical flow.
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[(nx/nz)ve x|
(ny /nz)vp x

Vb, X
PP . A 1026 92 1 0 0 0 —32 —30 —# (nx/nz)vey
u(xay) - K(IJJ)UJ[, - l( 7y) = ﬁ Oy % 0 SE'?) QQ 1 _i.g _gg _g (nY/nZ)Ub,Y (615)
' Uy

(nx/nz)ve.z
(ny /nz)vp z
Uy, 7

Equation 6.16 is generated by stacking Equation 6.15 from various points. As can be seen from Equation 6.15
matrix A is rank deficient with rank five in this case, so a more elaborate solution process in comparison to
KAA regime is required. Moreover, many of the rows will be almost linearly dependent as they describe optical
flow vectors in locations very close to each other on the image plane, which can potentially lead to numerical
instabilities.

1
—Ah=b (6.16)
Ly

One of the proven methods to solve systems like Equation 6.16 is the so-called 2-SVD method outlined by P. Li
et al. (2015), which uses the singular value decomposition to handle the rank deficiency and other issues. The
rest of this subsection will describe the use 2-SVD method based on the work P. Li et al. (2015).

First the left hand side of the system described by Equation 6.16 is multiplied by its own transpose and factorized
using SVD as described by the Equation 6.17.
ATA =UD,V,, (6.17)

The right hand side can be expressed in terms of the matrices obtained from this SVD, with k4,4 being a scaling
factor.

1

h = ‘fm,le + ks’ud"m, (618)
Iy

where V,,, 1 is the 9 x 9 orthogonal matrix, and vy, represents its last column:

V1,19
V1,29
Vm = .
Vim.1,0.9)
The vector e is computed as:
b’ .
e = d—;, ie{1,2,...,9},

b'=UTATb, d;=D.y

Then P. Li et al. (2015) notes that the vector h can be reshaped into a matrix H in the following way using
function M.

1 1 1 |nx/nz)ox  (ny/nz)vex  vex
—H = 7M(h) = r (nx/nz)vb)y (ny/nz)vbyy Uy | = M(Vl,me) + ksvdM(Vm) (619)
"fl(nx/nz)vez  (ny/nz)vez vz

The scaling factor kg,q is still unknown. But as it can be easily observed from the Equation 6.19, the matrix
H is a result of an outer product of vectors n/n, and vy. Hence, the rank of the matrix H must be one
and its determinant must be equal to zero and so should the determinants of all its 2 x 2 submatrices. To
utilize this property, P. Li et al. (2015) proposes to solve the characteristic equation of matrix H, which is a
third-degree polynomial, and then pick the root which minimizes the sum of the submatrix determinants. As
seen in Equation 6.19, if matrix H is found, obtaining vy, is trivial and can be done by multiplying third column
of the matrix by the range I, ¢.
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Lastly, the vector n can be found as shown below using another SVD.

H=U,D,V] , (6.20)
V2,01

n=|Vma,1
V2,31

It is noted that the normal vector n still has two solutions, so nz > 0 is enforced. The angles ¢ and 6 then
simply stem from Equation 6.7. Hence, v can be found from Equation 6.6.

0 = —arcsin(nx) (6.21)
= arcsin| —x :
o= erein(ooia) 62)

6.2.3 Known Altitude regime

The solution for KA regime with known altitude significantly resembles the R regime with the known rangefinder
reading. Again, the main issue is to find the normal vector n due to unknown attitude. However, the solution is
more difficult than in R regime, because instead of the slanted range to the surface location where the spacecraft
points, it is necessary to operate just with altitude.

Combining Equations 6.1 and 6.10 leads to a following expression where @'(#, ) is a de-rotated optical flow.

nxvyx
Ny Vp, X
nzvy x
o CAan A Nxvyy
s ~9 N Ny Uy y (623)
Nz y
nxvyz
Ny Vs, z
| NZVb,Z |

>
<>
<>

An overdetermined system described in the Equation 6.24 is reached by stacking the Equation 6.23 from more
than three points.

1
—Ah =D (6.24)
—z
Then the 2-SVD method described in Subsection 6.2.2 is used to solve this system for the homography matrix
H shown below and the vector n.

nNxvy,x MNyUpx MNzUpX
H= |nxuwy nywvwy nzuy (6.25)
NxVpz MNyVpz MNzVbz

With the homography matrix H known, the following relation is clearly valid as n is a unit vector. This yields
the desired velocity vp,.

1
Hn=—vy (6.26)

6.3 Error propagation and sensitivity to spatially correlated errors

This section will explore how errors in optical flow estimation propagate into errors in egomotion estimation
using Monte Carlo method experiments. First, simple case of uncorrelated optical flow errors will be dealt with.
Then the section will dive into the more complex and malign scenario, where the optical flow errors are spatially
correlated on the image plane.
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6.3.1 Error propagation and sensitivity

In order to establish the sensitivity to errors in the estimated optical flow, the following Monte Carlo method
experiment was conducted. Six optimal trajectories were generated with two of them belonging to the ventral
type, two to the nominal type, and two of them representing the diverts with high angular velocities. Similarly
to the real experiments described in Chapter 7, 200x200 px motion fields Uz, Uy, belonging to a camera with a
45 degree field of view, were calculated based on Equation 6.1 for each of the trajectories with a 10 Hz frequency.
For each of these motion fields, the perturbation matrices E. ; and E. ; were generated as follows. First, a
matrix of angular errors E, is created randomly with an independent value for each pixel. Then a value of AEE
is randomly drawn, which will represent the endpoint error in all the points of the field after the perturbation.

Eai1 Eaiz - Eaiw
Ea2i Eag -+ Eapw _
E, = . ) ) X where E, ;5 ~ Uniform(0, 2) (6.27)
Ea,Wl Ea,W2 co Ea,WW
Ee x =sin(E,) AEE, (6.28)
Ecy = cos(E,) AEE, (6.29)
where AEE ~ Uniform(0, 10). (6.30)

Then the motion field is perturbed as shown below.

U; = U; + Eex (6.31)

Ug] = Ugj + Ee,y (632)

The 200x200 field is divided into 16 squares and from each of the squares the midpoint is selected and added
to the set Py, as illustrated in Figure 6.3. The perturbed optical flow at these points is then used to construct
the set {@(&,9) | £, € Pme}. The optical flows at points in this set are subsequently processed using the
aforementioned algorithms to obtain the egomotion and the ACEE values.

o
(=]
™~
] e ® ]
L] L . L]
<>
] (] ® ]
. L ® .
0 ~ 200
X

Figure 6.3: Example of point sampling from a 200x200 square. The square is divided into 16 subsquares and a
midpoint is chosen from each.

The Figure 6.4 shows the resultant mean and standard deviation of ACEE as a function of AEE for all the

three information regimes. It is notable that at higher values of AEE the curve behaves almost linearly and as
such justifies the use of the simple AEE loss in Section 5.4.
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Lastly, it is noted that if e.g. a requirement of mean absolute egomotion error of 10 m/s at the high gate was
set, which equates to ACEE of 0.004 even in the simplest KAA regime, this leads to an AEE value well below
0.5. Such performance is well above the current state-of-the-art not even with spiking neural networks, but also
most other methods. Hence, a recommendation is made to explore further possibilities like e.g. feature tracking
to improve this performance. Another possibility is increasing the camera resolution.
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Figure 6.4: Mean and one standard deviation of ACEE as a function of AEE as a result of Monte Carlo
experiments for the three information regimes.

6.3.2 Spatially correlated errors

Preliminary experiments with the neural networks revealed that they often tend to spatially smoothen the
estimated flow. This leads to a major issue where the angular and, to a certain extent, even magnitude errors
on individual pixels are not independent. As such, increasing the number of input points does not lead to
increase in performance above a certain threshold. To study this issue and put a lower bound on its severity,
the following scheme, which simulates the spatially correlated angular errors, was used.

Similarly to the previous subsection, a matrix of random angles F, is generated at each step of the Monte Carlo
simulation in order to find the matrix F,. , and E., which represent the two components of the total error on
each pixel. However, in this case the matrix F, is generated with dimensions smaller than the ., and E.,
by a certain factor of and then it is bilinearly upsampled by this respective factor. As such, the errors in the
resultant matrices E, , and E,. , vary smoothly and they suffer from a certain level of spatial correlation.

Figure 6.5 shows mean values of KAA regime ACEE, generated by a Monte Carlo simulation from 16 points,
plotted against values of AEE with varying average level of correlation loss term AC across the run. As can be
observed, higher AC can lead to a massive increase in ACEE for constant AEE. The exact results are omitted
here, but in R and KA regimes, this effect is even more pronounced. Moreover, as previously noted, in a re-
alistic scenario, the errors may be also spatially correlated with magnitude, and these effects may be even worse.

Of course, the number of point flow inferences does not have to be 16; this value was determined through
experiments on real data as a threshold beyond which further increases do not improve performance. However,
the main idea stays the same - to stabilize noise and reach good ACEE values, the point inferences should be
as independent as possible.

6.4 Navigational filter

The motion estimates, despite often rather violently fluctuating, typically remain centered around a well-defined
mean. As the interest is in the mean, rather than the noisiness, filtering becomes essential. However, this filtering
is not the main scope of this work and it can possibly bring multiple additional tuning variables, if e.g. a Kalman
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Figure 6.5: Adverse effects of smooth optical flow field with spatially correlated angular errors illustrated by
Monte Carlo experiments. Each of the runs has a different average value of the AC loss term where increase

signifies higher spatial correlation of errors.

filter is used. Hence, two simple discrete low-pass filters were designed and tuned for velocity v (for all the
regimes) and normal vector n (for R and KA regimes). They are not claimed to be the best performing filters
for the purpose, but they help to recognize the actual performance of the estimators rather than just measure
their noisiness. Figure 6.6 shows how these two filters are utilized.

Vb

A 4

LPF

OUTP )« ' | LPF

Figure 6.6: Setup of the two low-pass filters used in the R and KA regime.

The velocity filter can be simply expressed as follows with v¢ being the filtered velocity vector.

Vekt+1 = oV + (1 — By) Vit (6.33)

With regards to normal vector n the situation is more complicated as some of the attitude changes are really
fast. Hence a decision was made to correct for the rotations using the known angular velocities. The final filter
takes the form shown below with ny is the filtered value of the vector.

dn
nyri1 = fBn (nf,k + tht> + (1= Bp)nggq (6.34)
The derivative dn/dt can be expressed in the following fashion, while the expressions for 90/t and 9¢/dt can
be found in Equation 3.

dn Ondf Ond¢ (6.35)

a o000t T op ot
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—cosf 0
n _ —sin¢gsind | — + | cos¢cosf % (6.36)

dt —cos ¢sinf —sin¢cosf ot

Values of 3, = 8, = 0.8 were found to function well. Lastly, it is noted that experiments revealed that filtering
the estimation outputs proved to be much more effective than trying to spatially or temporally filter the inputs.
Experimentation was done with confidence ”planarity” measures ¢, of the following type similar to suggestions

of Grabe et al. (2015), but rejection of erroneous results using this method did not measurably improve perfor-
mance.

cp = Hb + iAhH (6.37)
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Chapter 7

Results

This chapter contains the results of the egomotion estimation experiments. First, performance on the ACEE
metric, introduced in Equation 6.9, will be elaborated upon in Section 7.1. Then it will be shown how large the
errors are in comparison to the velocity at each altitude in Section 7.2.

7.1 Altitude-Corrected Egomotion Errors

This section will first discuss altitude independence of the ACEE metric in order to establish whether it can
meaningfully describe an entire trajectory. Then it will discuss the measured ACEE values for both the OES
AC and the BM models. It is noted that point inference sampling is identical to the sampling used in Section
6.3.

7.1.1 Altitude independence

To show that a navigation performance of the optical system on a trajectory can be summarized into the single
ACEE parameter, it is necessary to show that ACEE does not vary throughout the trajectories. Figure 7.1
shows the ACEE plot against altitude for both the OES AC and the BM models. It can be seen that ACEE is
approximately constant with altitude except a strong spike below altitude of cca. 300 meters. However, in this
problematic region sharp attitude maneuvers to meet the final conditions occur and they can easily explain this
degraded performance as discussed in Section 5.6.3.
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BM
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Figure 7.1: ACEE plotted against the altitude z for OES AC and BM models. The spike under altitude of
300 m is easy to explain by fast attitude maneuvers before landing, which occur in this region and degrade the
accuracy.
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Hence, from now on, ACEE will be used as one single parameter to summarize precision of the navigation system
on a trajectory. The reader is reminded that ACEE is defined in Equation 6.9 and can easily be converted to
absolute egomotion errors through multiplication by altitude. If ACEE of 0.02 1/s is measured for a trajectory,
then the mean error at 100 m altitude will be 2 m/s and at 1000 m it will be 20 m/s.

7.1.2 Performance in different regimes

This subsection will introduce the performance data for both of the OES AC and BM models and all the
trajectory types.

OES AC

Figure 7.2 shows the plots of ACEE against altitude when using the OES AC model. There are multiple things
to note.
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Figure 7.2: ACEE inferred using the OES AC model plotted against the altitude z for all the test trajectories.

First of all, it can be seen that the navigational filter converges very quickly and as such does not affect the
results much. If all of the datapoints above 2000 meters are ignored, it is possible to obtain values with marginal
filter influence.

Secondly, the ventral trajectories are estimated rather poorly at higher altitudes, but quickly show better results
in the last part of the trajectory. What is particularly interesting is that around altitude of 1000 meters, the
errors for the four test trajectories converge together in a rather suspicious manner. As can be seen from Figure
2.3, all of the ventral trajectories will have the same vertical velocity and consequently optical flow in this part
of the trajectory, because of the nature of the optimal ventral trajectory solution. Even though the input is
varied as all of the trajectories have a slightly different landing site position, they still produce very similar error
for the respective optical flow. It is stated that this could be evidence of overfitting to certain flow field structures.

Thirdly, the nominal trajectories show a very strong degradation in performance in the last cca. 300 meters
above the low gate where attitude maneuvers occur. As already discussed in Subsection 7.1.1, this should come
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as no surprise as the fast attitude maneuvers truly degrade the performance.

Table 7.1 offers means and standard deviations for ACEE values in the trajectories. However, to give a more
meaningful estimate, all datapoints above 2000 meters and below 300 meters of altitude are omitted.

Regime/Trajectory type A% N D

KAA 0.012 (o = 0.005) | 0.010 (¢ = 0.005) | 0.023 (¢ = 0.009)
R 0.017 (o = 0.007) | 0.019 (o =0.009) | 0.040 (¢ = 0.016)
KA 0.017 (o = 0.007) | 0.024 (¢ = 0.010) | 0.048 (¢ = 0.020)

Table 7.1: Mean values of ACEE and their standard deviations when using the OES AC model. Datapoints
above 2000 meters and below 300 meters are not included.

BM

The BM model is mostly similar to OES AC in behavior, but there are a few differences which will be introduced
in the following paragraphs.

It can be seen that BM performs well in the KAA regime and with ventral and nominal trajectories while
outside of the final attitude maneuvers. However, the combination of R or KA regime with the diverts or the
final parts nominal trajectories brings extremely poor results. This sudden degradation can be explained by
failure to correctly estimate the normal vector n. A generally valid explanation for this behavior has not yet
been found. It is of note, that the convergence of estimates on the ventral trajectories below 1000 meters, so
well visible with the OES AC model, is not visible with the BM model.
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Figure 7.3: ACEE inferred using the BM model plotted against the altitude z for all the test trajectories.

Table 7.2 offers the ACEE values tied to the BM model and their standard deviations for each of the trajectory
types and information regimes.
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Regime/Trajectory type

Y

N

D

KAA

0.005 (o = 0.003)

0.012 (¢ = 0.007)

0.016 (o = 0.012)

R

0.015 (o = 0.008)

0.023 (o = 0.012)

0.076 (o = 0.042)

KA

0.015 (o = 0.008)

0.028 (o = 0.017)

0.072 (o = 0.037)

Table 7.2: Mean values of ACEE and their standard deviations when using the BM model. Datapoints above
2000 meters and below 300 meters are not included.

Table 7.3 offers a comparison between the OES AC and BM models. It can be observed that OES AC is
dominant compared to BM on complex trajectories and when the attitude is unknown. On the other hand, BM
is superior on simple trajectories and when the attitude is known.

Regime/Trajectory type vV N D

KAA +140% | -17% | +44%
R +13% | -17% | -47%
KA +13% | -14% | -33%

Table 7.3: ACEE difference between OES AC and BM models in percent. Higher values indicate poorer
performance of the OES AC model relative to the BM model and vice versa.

7.2 Relative egomotion error

While the ACEE metric provides an excellent way to summarize the absolute values egomotion error on a
trajectory with one number, it fails to tell how big these errors are in comparison with the actual velocity. To
give some illustration, a plot of the average altitude-corrected velocity (||v||/z against altitude is provided in
Figure 7.4 based on the test trajectories.
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Figure 7.4: Altitude-corrected velocity against altitude in the test dataset. The line indicates mean and shaded
areas indicate one standard deviation.

From the figure it can be seen that the relative errors will be the lowest around the altitude of cca. 800 meters
and the highest at close to the high gate and at the low gate. It can also be seen that the egomotion errors will be
mostly cca. one order of magnitude lower than the actual velocity with both models in the KAA regime. On the
other hand, in case of diverts and KA regime, the error will be almost as large as the velocity itself at some points.
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Part 111

Final remarks
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Chapter 8

Conclusion

In this chapter, answers to the research questions will be presented in Section 8.1. Then, recommendations for
future research will be given in Section 8.2.

8.1 Answers to research questions

This section will present the answers to each of the research questions starting with the main research question.

RQ - How accurately can vehicle egomotion be reconstructed during a fuel-optimal planetary landing
using an event camera output processed with a spiking neural network?

A synthetic experimental set-up was created to test the performance of this navigation system in scenarios
similar to the Apollo landing, and a network was trained. As there is a need for another sensor in such a
case for absolute position-related values to resolve scale ambiguity, it was considered that data from a perfect
forward-looking rangefinder are available. Moreover, a gyroscope providing angular velocities was assumed to
be present. It was found that in such a scenario, the absolute error in the egomotion estimate will linearly
increase with the altitude. In case of a simple ventral trajectory, the mean error and its standard deviation will
obey the following formula.

Egomotion Error = Altitude - (0.017 &+ o = 0.007)[m/s] (8.1)

Then in case of a trajectory representative of a nominal landing it will adhere to the formula below.

Egomotion Error = Altitude - (0.019 + o = 0.009)[m/s] (8.2)

And on a divert trajectory including sharp attitude maneuvers it degrades to the following expression.

Egomotion Error = Altitude - (0.040 + o = 0.016)[m/s] (8.3)

The validity of these results was tested between a high gate at 2286 m (7500 feet) and a low gate altitude at
152 m (500 feet).

It was found that these results can be sharply improved by providing additional attitude estimates and that on
the other hand the results degrade when only altitude is provided instead of a forward-looking rangefinder.

For comparison, a near state-of-the-art hybrid spiking-analog network based on the work was trained. It was
shown that this network outperforms the pure spiking network significantly on simple trajectories, but fails in
comparison on complex trajectories with attitude maneuvers.

RSQ-1 - How can a synthetic event-based dataset for planetary landing be created?

e RSQ-1.1 - What is a suitable event camera simulator in this application?
¢ RSQ-1.2 - To what extent can such a dataset be validated?

¢ RSQ-1.3 - How can the appropriate trajectories for the purpose be generated?
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Based on an existing design, a pipeline was devised which includes generating trajectories using combination
of AMPL parser and SNOPT optimizer followed by natural scenery generation using PANGU software and
conversion to events with v2e simulator. This combination proved adequate for the purpose and the choices
were found to be justified.

An investigation was conducted, which compared the current state-of-the-art event camera simulators in terms
of timestamp fidelity, event count and distribution fidelity, computational resources required, ease-of-use and
flexibility. Despite its shortcomings in the timestamp fidelity area, the v2e simulator is the best as it excels in
other fields.

A combined validation and tuning method is successfully devised, which includes data from Synthetic Lunar
Terrain dataset. Focus is on a realistic interaction between the event camera pixels and edges on the surface in
terms of event rate and its variance.

It is found that while the high-level camera and surface parameters like biases or contrast can be tuned, it is
too difficult to extract any meaningful noise estimates from the ground truth event stream and readily available
noise models must be relied upon.

Lastly, an analysis is performed to show that it is required to use general non-linear programming to calculate
the optimal trajectories. Convex optimization is a simpler and readily available method for this purpose, but
it fails to accurately estimate attitude maneuvers, which have a major impact on the optical flow and as a
consequence on optical navigation.

RSQ-2 - What is a good architecture of spiking neural network for processing the event stream during
planetary landing?

e RSQ-2.1 - How can the event timing information be well utilized in the spiking neural network?

e RSQ-2.2 - What are the appropriate loss functions in the context of supervised learning of
event-based optical flow?

Two U-Net like models, denoted as OES and ASN, focused on optical flow prediction were trained and evalu-
ated. They were found to be competitive with a near state-of-the-art hybrid spiking-analog network. But, as
can be seen from the answer to the main research question, their performance leaves much to be desired with
the egomotion estimation errors sharply growing with altitude. This leaves open space for further investigation.

With regard to the first subquestion, the exotic OES network, which utilizes explicit temporal convolution and
simple Integrate-and-Fire neurons to handle temporal information, confirmed to be superior to the more com-
mon ASN network which to a large degree relies on the inherent qualities of Leaky Integrate-and-Fire neurons.
Considering that both options are considered neuromorphic hardware friendly in principle, it suggests that the
method used in OES is comparatively better option moving forward.

An investigation was conducted using Monte Carlo method experiments to show that there is a major negative
relationship between spatial correlation of the optical flow estimation errors and the resultant egomotion esti-
mation errors. Moreover, it is observed that spiking neural networks have a tendency to smoothen the inferred
flow and create such correlated fields. Based on this, traditional loss functions like average endpoint error are
extended by a term punishing such behavior, leading to improved estimates.

RSQ-3 - How can the egomotion be reconstructed from the output of a spiking neural network?

e RSQ-3.1 - How should filtering be employed in order to increase performance?

e RSQ-3.2 - In what conditions can useful egomotion estimates be generated from the optical
flow?

e RSQ-3.3 - How do the additional provided navigational information improve the egomotion
estimates?

It is recognized that the egomotion estimation problem outlined by the main research question is a variant of a
problem commonly found in drone navigation and appropriate solution is derived.
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With regard to filtering of the flow, it is acknowledged that networks trained on temporally and spatially smooth
motion fields associated with planetary landing tend to produce spatially and temporally smooth flow as well.
This greatly limits effects of spatio-temporal filtering on the final results. Confidence measures based on pla-
narity constraints are also found to have very marginal effect. On the other hand, a simple navigation low-pass
filter keeping the egomotion and attitude estimates can help a lot to improve performance.

As mentioned previously, it is found that the egomotion estimation error increases linearly with altitude. Hence,
at high altitudes, this method is comparatively less useful. Moreover, it is found that the optical flow error
increases with the higher magnitude of optical flow. As such, e.g. sharp attitude maneuvers have a negative
impact on the estimates. It is possible to observe that ventral descents are easiest to process, followed by
nominal descents and diverts including maneuvering are the most difficult. As such, average errors twice as
large compared to ventral trajectories are reached on diverts.

An estimation is also tested for a situation where attitude is known. It is found that the results are dramatically
improved by cca. 30 to 50 percent depending on the trajectory nature. On the other hand, if the perfect
rangefinder is replaced with a perfect altimeter, this leads to degradation of performance by cca. 0 to 20
percent.

8.2 Recommendations for future work

This section will briefly introduce recommendations for future work based on the experience obtained during
this research.

As previously described, it was found to be very difficult to train dense optical spiking neural networks while
retaining focus on low-level detail instead of global context. It is not a surprising result as the optical flow field
during lunar landing is of very simple structure. However, this unfortunate effect could be possible to overcome
by focus on tracking individual objects, e.g. craters, rather than estimating the dense optical flow. This line of
research would be worth exploring. Other less complicated options include radical augmentation and masking,
even though expected gains are questionable as the core of the problem is not truly addressed in this case.

Another possibility would be to use a dataset with ground truth optical flow fields which have less rigid structure.
Although such fields would not occur naturally during landing, it is easy to obtain such dataset by rendering
a certain amount of lunar scenes and then warping these images with randomized smooth optical flow. This
should stimulate focus on the local context in learning.

If there were other attempts on learning the dense optical flow, it would be very interesting to incorporate
one of the novel models, which came too late to influence this research. Above all, the spatiotemporal swin
spikeformer of Tian and Andrade-Cetto (2024) performs very well on similar datasets and seemed to produce
good results during informal tests by the author.

Lastly, the effect of the event camera resolution on the results was not studied in this work. However, as the

lunar surface happens to be self-similar at the relevant scales, a higher resolution camera would see more detail
and would possibly lead to better results. Variation of focal length is also of interest.
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Appendices

Appendices A, B, C, and D are a part of separately graded
literature study
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Appendix A

Event camera and event-based datasets

This chapter will introduce the bio-inspired vision sensors known as event cameras or silicon retinas. Firstly
the Section A.1 will introduce the relevant functions in a biological eye, so that the reader can appreciate the
biomimetic approach to vision taken by the event camera. Secondly the Section A.2 will introduce the basic
event camera principles and their difference from frame-based cameras. Thirdly the Section A.3 will review
the common available event cameras. Then, possible strategies which can be undertaken in order to obtain an
event-based dataset are listed in Section A.4. A brief introduction of event camera simulators applicable on
frame-based datasets will follow in Section A.5.

A.1 Biological retinas

Even rather primitive vertebrates are able to solve complex navigational tasks. Perhaps the most incredible
example are the little hummingbirds flying with an inch-perfect precision in order to drink nectar from flowers.
A key enabler of this capability is the superb sight which allows them to obtain information during all kinds of
motions and lighting conditions without prohibitive latency or energy consumption. This section is not meant
to be a complete overview of the relevant vision systems and instead will only focus on a brief overview of
vertebrate retinas which are the most relevant to the neuromorphic sensors described later. The section relies
on Henley (2021) for the description.

A.1.1 Structure of biological retinas

Vertebrate retinas consist of multiple layers of nerve cells which have different functions. For the purpose of this
review only photoreceptor cells, bipolar cells and ganglion cells will be treated. However it is noted that there
are also other types of cells, namely the amacrine and horizontal cells, which are however not very relevant to
event cameras.

As shown in the Figure A.1 the first layer is formed by the photoreceptor cells which convert the light into nerve
signals. The photoreceptor cells are connected to bipolar cells which react to light increments and decrements.
There are so-called ON and OFF bipolar cells. The ON bipolar cells are excited by light increments and inhib-
ited by light decrements while the OFF bipolar cells function in the exactly opposite manner.

The signal from bipolar cells serves as an input to ganglion cells. These cells act as an interface between the
retina and the brain, They convert the signal from the ON and OFF paths into spikes which are compatible
with the receiver.

A.1.2 Features of biological retinas

The main takeaway from this short description is that human eye does register changes rather than still frames.
This is very beneficial because the regions where the light significantly varies can contain edges, features and
outlines which generally reveal much more information than uniform surfaces. They can for example help to
recognize what object are we looking at or what is our own motion.

The resulting spikes are also sparse as a result of the signal being tied to change in brightness rather than any

absolute value. This is very efficient because there is no need to process again static scenes which were already
processed.
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Figure A.1: Structure of a biological retina with an indicated direction of neural communication (image source:
Henley (2021)).

A.2 Event camera principles and advantages

The most common type of vision sensors are frame-based cameras. They became part of the daily life and they
are found in large range of applications from smartphones to scientific instruments. Event cameras fundamen-
tally differ from the frame-based cameras. This section will first discuss differences between the two imaging
paradigms and compare their qualities. Secondly, it will discuss in closer detail how the event camera works on
both functional and hardware sides.

A.2.1 Differences between an event camera and a frame-based camera

The key difference between event camera and a frame-based camera is that the event camera asynchronously
captures per-pixel change in brightness as stated by Gallego et al. (2019). This is in principle rather similar
to a biological eye. On the other hand a frame-based camera captures an actual intensity with a predefined
frequency. An illustration of this mechanism can be seen in the Figure A.2.
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Figure A.2: Comparison of event camera and a frame-based camera outputs. The event camera produces an
asynchronous stream of events while the frame based camera gathers the information into discrete time frames.
Image taken from D. Gehrig et al. (2018).

This difference leads to a number of significant advantages and disadvantages between use of event and frame-
based cameras. The main reasons to use an event camera as stated in Gallego et al. (2019) are their:

e High dynamic range
e Low latency
e High energy efficiency

e Resistance to motion blur
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During a frame-based imaging process a shutter is open for a predetermined time which lets the light to the
imaging sensor. This naturally limits the latency as information can be obtained only after the end of the
period for which the shutter was open. As Kim et al. (2019) explains, it also limits the dynamic range (ratio
between brightest and darkest part of the image) as individual pixels have limited well capacity. This means
that if the shutter is open for too long, the pixels will become saturated while on the other hand too short
opening will result in a noise dominated image. As Potmesil and Chakravarty (1983) state the shutter principle
is also responsible for motion blur which will appear when the scene makes a significant movement while the
shutter is open. Event camera lacks the shutter and as such does not suffer from the related issues. The en-
ergy efficiency comes with its sparse output which helps to avoid reprocessing completely static scenes repeatedly.

Such characteristics make the event camera extremely interesting for space applications. The often extreme
lighting conditions, high velocities resulting in possibly prohibitive latency or severe motion blur with frame-
based sensors and the scarcity of electric energy during spaceflight missions all call for further investigation in
this regard.

A.2.2 Principles of event cameras

An excellent example on which to illustrate event camera principle is the Dynamic Vision Sensor (DVS) of
Lichtsteiner et al. (2008). According to them, the event camera produces a pixel every time it registers a change
in logarithm of intensity I larger than a predefined threshold 6

Alog(I) > 6 (A.1)

After an event is produced the reference intensity is reset. Each pixel fires events completely independently and
the result is an asynchronous stream. The event produced at a pixel z,¢ is defined as follows with ¢ being a
timestamp and p the polarity (-1 or 1)

e=[2,9,t,p] (A.2)

The Figure A.3 outlines functional similarities between the pixel circuitry of an event camera and biological
retina. If the reader refers back to the Section A.1 they can see that the principle of operation of event camera
and biological retina bears a strong similarity. This similarity can be to a point seen in the circuitry of indi-
vidual pixels which contain functional blocks similar to photoreceptor, bipolar and ganglion cells. As described
by Lichtsteiner et al. (2008) each pixel has a logarithmic photoreceptor circuit measuring light intensity. This
photoreceptor is connected to a differentiating circuit resembling in function — as Posch et al. (2014) points out —
the bipolar cell which activates if the logarithmic increment or decrement in intensity reaches certain threshold.
According to Lichtsteiner et al. (2008) outputs from the differentiating circuit are then passed to the so-called
Address-Event interface which interprets them as events and passes them to other devices using Address-Event
Representation (AER) in a manner very similar to ganglion cells according to Posch et al. (2014). Lichtsteiner
et al. (2008) describes AER as a communication protocol which allows to easily connect different neuromorphic
devices by multiplexing spikes on one side of the bus and demultiplexing it on the other.

When characterizing or modelling an event camera the so-called uniformity of response is an important figure
of merit. According to Lichtsteiner et al. (2008) it can be expressed as a noise when the camera is observing a
fixed pattern. Numerically it can be characterized using the so-called threshold mismatch oy which represents
the standard deviation of contrast threshold 6.

A.3 Review of currently available event cameras

The first practical sensor was the already mentioned DVS developed by Lichtsteiner et al. (2008), which can be
seen in the Figure A.4. The DVS parameters can be seen in the Table A.1. Serrano-Gotarredona et al. (2013)
build up on this work and developed the so-called sensitive Dynamic Vision Sensor with order of magnitude
lower noise when observing a fixed pattern and lower latency.

A very interesting development is the Dynamic and Active Pixel Vision Sensor (DAVIS) by Brandli et al. (2014)
which features both characteristics of event cameras and frame-based cameras. In DAVIS the trigger mechanism
of asynchronous events and synchronous frames share a photodiode, but do not affect each other in function.
As can be seen from the Section D.3.1 this is very beneficial when developing algorithms to process event data
as it allows to characterize performance easily by use of the so-called photometric loss. Somewhat similar is the
ATIS sensor of Posch et al. (2011) which also includes absolute intensity information.
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Figure A.3: Similarities between pixel circuitry of an event camera and a biological retina (image source: Posch
et al. (2014)). here where taken

Table A.1: Parameters of DVS event camera by Lichtsteiner et al. (2008).

Characteristics
Array size 128x128
Power consumption | 24 mW @ 3.3V
Dynamic range 120 dB
Latency 15 ps
Fixed pattern noise | 2.1% of contrast

Figure A.4: The Dynamic Vision Sensor of Lichtsteiner et al. (2008) (image source: Hordijk et al. (2018))
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Recently, event cameras were undergoing a strong increase in popularity and consequently also in a number of
manufacturers who offer readily available solutions. Among the prominent ones is iniVation (who is currently
responsible for the DVS and DAVIS sensors), Prophesee and Sony. As the amount of available sensors is now
quite immense, it is considered unfruitful to go over all the options here.

A.4 Strategies for generating event-based datasets

Obtaining event-based datasets may be a rather challenging task. Especially for a very specific purpose like
investigating a planetary landing. Generally, however, two main options can be identified:

e Create a dataset using a physical event camera

e Convert a frame-based dataset to event-based one

Both of these options are discussed in the following subsections.

A.4.1 Planetary landing event-based dataset by use of physical camera

While this may eventually change with an increased interest in the topic, there are currently no event-based
data from real landings. However as elaborated in the Section 6.1 the camera will produce the same output if it
is moving with a velocity v towards an object at distance d and when the velocity is 7 and the distance % with
k being any positive real number. This allows to partially recreate the situation in the constrained conditions
of a laboratory.

This was one of the approaches taken by McLeod et al. (2022). Both 2D and 3D printed surfaces were ap-
proached by an event camera mounted on a robotic arm with a depth sensor attached. A photo of the setup
can be seen in Figure A.5.

Figure A.5: Process of creation of event-based landing dataset by use of event camera mounted on a robotic
arm and a 3D printed surface. Image taken from McLeod et al. (2022).

The approach of McLeod et al. (2022) has both advantages and disadvantages. The use of real event camera
rules out one possible source of inaccuracies coming from poor simulation of the hardware. Obviously, effects of
irradiation in space on the event camera are omitted. Roffe et al. (2021) conducted neutron irradiation experi-
ments on event cameras. At radiation conditions similar to low Earth orbit a pendulum was first observed in a
well-lit room with an event camera and then under the same conditions the camera behavior was observed with
its lens covered. As such it is possible to measure the radiation noise and compare it to a signal. Signal-to-noise
ratios of no less than 3.4 were achieved. As S. Zhang et al. (2020) explains lunar radiation environment is not
much harsher than low Earth orbit. Event camera during landing is also likely to produce much stronger signal
than when observing a pendulum as it will be moving fast above a rugged surface filling its full field of view.
Based on these considerations it is deemed unlikely that radiation would have a significant influence on the
event camera used during a landing maneuver. The much more significant disadvantage of this approach is its

73



incredibly high cost in time and resources.

It is noted that a similar approach was taken by Mértens et al. (2024) with Synthetic Lunar Terrain (SLT)
dataset which presents horizontal trajectories over a terrain which is resemblant of the lunar south pole.

A.4.2 Planetary landing event-based dataset by a conversion from a frame-based
dataset

The option to convert a frame-based dataset seems to be much more popular. Unlike for event cameras there
are actual and accessible frame-based camera data from lunar landings. Landing camera data from Chinese
lunar landers Chang’e 4 and 5 have both been published and are available to researchers on the website of
China’s Lunar and Planetary Data Release System. Data from the navigation camera of the Japanese SLIM
lander have been also publicly released.

The option to generate a synthetic dataset is also rather feasible. Planet and Asteroid Natural Scene Generation
Utility (PANGU) by Martin et al. (2019) is capable of generating photorealistic images of planetary surfaces.
PANGU seems to be a very popular option and is used for this purpose across many works (e.g. McLeod et al.
(2022), Azzalini et al. (2023), Valette et al. (2010)). Another competing option is SurRender software (Brochard
et al. (2018)) developed by Airbus with a very similar goal. It is difficult to compare PANGU and SurRender as
relatively limited information is available to the author on SurRender. In the choice between the two, however,
the license availability seems like the most important factor.

Azzalini et al. (2023) created a pipeline for generation of landing event-based datasets using PANGU and v2e
event camera simulator elaborated in the next section.

A.5 Event camera simulators

This section will discuss different methods of simulating pixel behavior when converting from frame-based to
event-based dataset. Three main approaches to simulating the pixels were observed - deterministic models,
stochastic models and learning-based methods. Firstly, behavior of a pixel will be introduced and then each of
the options discussed.

A.5.1 Pixel behavior

The simplest model of pixel behavior just defines ON and OFF thresholds 6o x and 0pppr and generates events
according to the following rule with L(&,g,t) being the log intensity
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Such a model, however, completely ignores pixel non-idealities. For the purpose of describing real pixel behavior
it is beneficial to divide the circuit into the parts shown in Figure A.6 as Joubert et al. (2021) suggest.
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Figure A.6: Model of a pixel circuit for noise simulation (image source: Joubert et al. (2021), modified).
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The quantal nature of the incoming photons is already the first source of non-ideality as it produces the so-called
shot noise. Shot noise will manifest as random fluctuations in intensity of the incoming light. Hu et al. (2020)
also make the observation that shot noise can have very significant effects on event cameras in low lighting
conditions.

The photodiode in the photoreceptor part of the circuit produces current proportional to the light power. How-
ever as Hu et al. (2020) point out, even when light is absent the dark current still flows through the photodiode.
According to Hu et al. (2020) this dark current will have rather small impact in good lighting conditions, it
however becomes a significant factor under low illumination. Unusually high dark current can also be the cause
of the so-called hot pixels. These are defective pixels which fire at an abnormal rate.

Lichtsteiner et al. (2008) also point out that the pixels have limited analog bandwidth and as such act as
second-order low-pass filters with time constant indirectly proportional to the light level. Therefore this effect
becomes again much more pronounced in low lighting conditions.

Further issues occur in the amplifier part of the pixel circuit. The amplifier transforms the photoreceptor output
such that the current brightness value can be compared to the memorized brightness value at the thresholds.
It suffers, however, from the so-called leakage current due to which the memorized brightness value decreases
over time as explained in Hu et al. (2020).

The values of thresholds 8pn and Oppp are actually not constant either due to the effect called transistor
mismatch as stated in Lichtsteiner et al. (2008). Lastly, the real pixel has also a non-zero latency to fire an
event.

A.5.2 Deterministic simulators

Term deterministic simulator may be thought to be misleading, because some of the simulators described in
this section indeed use randomness to generate the results. However compared to what we call the stochastic
simulators they use a model with some random disturbances rather than directly sampling the event timestamps
and polarities from a probability distribution.

Simulators of Kaiser et al. (2016) and Mueggler et al. (2017) use an ideal pixel and thus fall in this category.
Somewhat more advanced approach is taken by ESIM (Rebecq et al. (2018)) and Vid2E (D. Gehrig et al. (2020))
as the mismatch of the threshold 4 is simulated by assuming it to be normally distributed as 8 ~ N(u(0),0(9)).

First serious attempt to model multiple pixel non-idealities is v2e (Hu et al. (2020)). Apart from the threshold
mismatches other phenomena are included as shown in Figure A.7. Firstly the shot noise is modelled as a
Poisson process. The v2e also introduces a model of dark current and simulates a second-order low-pass filter
with a time constant being a function of light intensity. Such a filter however, as explained in Joubert et al.
(2021), does not allow for analytical solutions to event timestamps and the current solving method makes the
v2e output dependent on rendering rate. Leakage current is also modelled by decreasing the memorized bright-
ness value in discrete time steps.
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Figure A.7: Pixel model used by the v2e event camera simulator, first intensity frames are converted to log
values (D) and passed through a second order low pass filter (E). These input values are fed into a discrete time
model of the amplifier and thresholds (F). Lastly temporal noise (G) such as shot noise is mixed into the final
output. (image source: Hu et al. (2020), modified).

IEBCS (Joubert et al. (2021)) is a simulator which tries to address certain v2e deficiencies especially the
dependency between rendering rate and the resulting events. It approximates the second order low-pass filter
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in v2e with a first order low-pass filter with latency. It shows that this approximation holds well for a typical
event camera pixel and it allows to solve for the exact timestamps. Moreover it introduces a purely stochastic
method of generating temporal noise events (such as due to shot noise or dark current) where each pixel simply
draws noise event timestamps from a previously collected cumulative distribution. This cumulative distribution
will indeed vary when an order of magnitude change in the light intensity on the pixel occurs. For that case
IEBCS offers three cumulative noise distributions (for 0.1 lux, 161 lux and 3000 lux) and switches between them
according to the light conditions on the pixel.

A.5.3 Stochastic simulators

DVS Voltmeter (Lin et al. (2022)) is a simulator which tries to reduce the event simulation to a purely stochastic
process. Between each two interpolated frames two parameters p and o are calculated for the pixel based on
the average brightness L, brightness change AL and the time step At as follows with coefficients ky to kg

ki, AL _
= Skt ksL
v Itk At+ 4+
- (A.4)
= = L+k
M A

The coefficients k1 to kg need to be empirically fitted to a camera and rough representation of the condition.
Authors of Lin et al. (2022) provide a recommended calibration method for DAVIS cameras (which provide both
events and intensity frames) using regression which is however rather laborious and requires some manual tuning.

With the parameters u and o known, the probability of next event on a pixel being an ON event is expressed as a
function of the respective parameters and the ON and OFF event thresholds 8o and prpr. The length of time
interval between two consecutive events on the pixel 7 (which can be used to fully determine the timestamp) is
then drawn from an inverse Gaussian distribution
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A.5.4 Learning-based simulators

Another approach to the pixel simulation is purely data driven. There are two available models, EventGAN
(Zhu et al. (2019)) and V2CE (Z. Zhang et al. (2023)).

EventGAN uses a Generative Adversarial Network framework to generate events from a pair of input images.
An important drawback of EventGAN is that it does not attempt to generate accurate timestamps of the events.
Instead of that, it partitions the spatio-temporal domain into voxels and generates only the events-per-voxel
counts. This has its advantages as it results in substantially simpler loss functions when training. It is, how-
ever, impossible to use EventGAN with any processing algorithm which is sensitive to the exact timing of events.

V2CE uses a U-Net-like convolutional neural network (please see Section D.3 for further details on the concept)
to simulate the occurrence of events with accurate timestamps.

V2CE first predicts the occurrence of events in spatio-temporal voxels and then refines the timestamps using
a stochastic timestamp prediction model. The neural network used by the V2CE can indeed take as an input
multiple frames. As such it can be trained to become motion-aware and predict accurately events even in cases
of highly non-linear motion.
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Appendix B

Trajectories for landing on an airless

body

Airless bodies such as moons, comets or asteroids pose a unique challenge for designers of lander vehicles. As
there is no medium which would help to slow the vehicle down, propulsion system must achieve this velocity
change alone. It is therefore very important what strategy is chosen for the control of the landing such that
minimal amount of fuel can be carried. Optimal control theory allows to find such control laws and the
corresponding trajectories. In this chapter, the general aspects of lunar landing will be first introduced in
Section B.1. Then trajectory optimization will be discussed in Section B.2. Lastly, Section B.3 will introduce
modern methods which can be utilized during such undertakings.

B.1 Lunar landing

This section will briefly discuss the main considerations connected to soft lunar landing. Firstly the lander
vehicles will be briefly discussed followed by a general discussion on the landing trajectory phases and strategies.

B.1.1 Lunar lander vehicles

The author was capable of finding mentions of 56 soft landing attempts of which 22 were successful (as a side-
note it is quite astounding that the number of successful landings raised from 20 to 22 only during the period
of this research). All the vehicles share certain similarities.

Firstly, the author was unable to find a vehicle which would not consist of a payload section coupled with a
retrorocket and an attitude control system. As an example a simple diagram of the Surveyor lander is presented
in Figure B.1. Even the earliest attempts, like for example the landers of the unsuccessful Ranger program,
complied to this structure as shown by Ball et al. (2007). Not all the retrorockets were however possible to
throttle depending on the circumstances, for example the successful Surveyor missions used also solid retro-
motors as stated by Thurman (2004).

Majority of the landers also try to land at very low velocities, Ball et al. (2007) lists 0.9 m/s for the Apollo
missions and well below 10 m/s for other legged landers. However, as noted in Ball et al. (2007), landers
equipped with energy absorption mechanism are an exception from this rule. Ranger or Luna 9, which may
serve as examples of such landers, used landing speeds that were order of magnitude higher. If a legged lander
is considered though, it can be essentially seen as coming to full standstill during the landing from a trajectory
optimization viewpoint.

B.1.2 Landing trajectories

As pointed out by Ball et al. (2007), there are generally two strategies which can be used for lunar landing.
The vehicle can either enter the landing from a closed orbit around the Moon or from a hyperbolic orbit which
passes close to the surface. However the general principle remains the same. The vehicle must first get rid
of enough velocity to get on a trajectory which passes through lunar surface and then slow down enough to
perform a soft landing.
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Figure B.1: Simple diagram of the Surveyor lander (image source: Ball et al. (2007)).

Such landing usually consists of multiple phases. The most common division includes braking, pitch up, ap-
proach and final or vertical descent used e.g. by A. Lee et al. (2010). A typical landing trajectory split up
into these phases can be seen in Figure B.2. According to A. Lee et al. (2010), the orbital velocity is efficiently
reduced during the braking phase. A pitch-up maneuver is done to allow good visibility of the landing site. In
the approach phase the rest of the orbital velocity is nulled and final decisions are made. Lastly in the final
descent phase the vehicle acts against the gravity to softly touch the surface.

Powered Descent Initiation (PDI) Braking Phase Pitch Up Approach Phase
/ e /
Efficiently reduce Better view of
T orbital speeds landing site Reduce altitude with near
_{m / constant throttle and
T attitude.

Make decision on landing
site

™y
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Figure B.2: Proposed phases of a lunar landing for the cancelled Altair vehicle (image source: A. Lee et al.
(2010)).

As an example it is stated by Chu et al. (2017) that the Apollo braking phase began at circa 15 kilometers
above the surface of the Moon and continued to altitude above 2 kilometers. There the pitch-up happened
and approach phase continued until reaching roughly 150 meters above the surface. From there the vehicle
proceeded with a final descent. The point of initiation of the approach phase is often called as high gate and
the point where it transitions into final descent as low gate.
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Lunar landing trajectories have evolved over time. Ball et al. (2007) notes that the early landers such as
Surveyor had very simple guidance algorithms which essentially amounted to what is called the gravity turn
as the vehicle simply achieves soft landing by always applying the thrust in the direction exactly opposite to
the spacecraft trajectory. Such solution is however extremely inefficient. Therefore since the Apollo program
near-optimal or optimal guidance laws have been studied, proposed and used such as the one used by Apollo
described in Klumpp (1974).

B.2 Trajectory optimization

Trajectory optimization problems seek to minimize or maximize a certain objective over a trajectory which
meets a set of constraints.

The field of optimal control on spacecraft is very broad. This is because most of the methods consist of sub-
methods which can be often rather freely matched together resulting in a great variety of combinations. Based
on Betts (2010), Conway (2010), Leonard and Van Long (1992) and Klumpp (1974) distinction is now made
between the main philosophies. The methods can be roughly divided into:

e Optimal and near-optimal
e Closed-loop and open-loop

e Direct and indirect

Optimal control problems are generally fairly computationally expensive. Therefore it was not uncommon in
real-life applications to use some heuristics or perhaps a smart modification of the problem to reach a special
case which is not actually optimal, but usually comes very close to optimality. Such near-optimal methods are
nowadays mostly considered heritage as they were rather popular with low-performance old computers though.

A concise explanation of difference between open-loop and closed-loop methods is given by Leonard and Van
Long (1992). Open-loop methods relate the controls to time. On the contrary closed-loop methods relate the
controls to the state variables. For the purpose of this study open-loop methods are considered only as the
interest lies in the trajectory itself rather than the control problem.

As Betts (2010) states optimal control problem solving methods can be divided into indirect ones (or optimize-
then-discretize methods) and direct ones (also known as discretize-then-optimize methods). The indirect meth-
ods use calculus of variations to construct necessary and sufficient optimality conditions and then find a solution
which satisfies them by numerical or in extremely simple cases analytical means. On the other hand direct meth-
ods simply try to numerically minimize the objective function. According to Betts (2010) the main practical
difference is better accuracy of indirect methods countered by their larger sensitivity to initial conditions and
more mathematical demands on the user. While this is not a rule, mostly the heritage methods rely on indirect
approach while more modern solutions use the direct approach.

B.3 Modern methods for fuel-optimal landing

The trajectory optimization problems in the modern times are typically solved numerically using the so-called
non-linear programming. If e.g. rotational dynamics of the vehicle are to be considered this becomes almost a
necessity. This section will shortly discuss the relevant methods.

B.3.1 Non-linear programming

As Luenberger (2003) states, non-linear programming in general concerns solving problems of the following type
with m inequality constraints and p equality constraints

minimize  J(¢)
subject to  f;(t) <0, i=1,...,m (B.1)
hi(t)y=0, i=1,...,p
As Malyuta, Yu, et al. (2021) explains, direct powered landing trajectory optimization problem falls within
this category. However the exact formulation of the optimal landing problem has huge implications on how

this problem should be solved. Some simple formulations will involve minimizing convex functions over convex
regions and thus can be solved using convex optimization. This is of great benefit because as Malyuta, Reynolds,
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et al. (2021) explain, such algorithms are bound to find global optimum in polynomial time. On the other hand
formulations involving rotational dynamics or other more advanced cases will typically require use of general
non-linear program solvers.

B.3.2 Convex optimization

As Malyuta, Reynolds, et al. (2021) note, if a lander is considered to be a lumped mass and all the state and
control constraints are one-sided inequalities, the resultant problem can be solved by convex optimization. While
very simplistic, this can be a good representation of a lander behavior. As Acikmese et al. (2012) note, for most
vehicles the attitude and translational dynamics behave as essentially decoupled and inclusion of attitude dy-
namics typically has a limited effect on the result of the optimal control problem. Moreover, if the thrust vector
is considered to be fixed with regards to the vehicle, it is still possible to recover the optimal attitude information.

Acikmese and Polen (2007) note that this algorithm has one disadvantage, namely the impossibility to incor-
porate a lower bound for the engine thrust. Many liquid engines cannot be throttled down completely when
started due to combustion instabilities, as Malyuta, Reynolds, et al. (2021) explain. Therefore Agikmese and
Polen (2007) convexify the thrust constraint by utilizing the so-called slack variable I'(¢). As Malyuta, Reynolds,
et al. (2021) explain, the double-sided thrust constraint which forms a non-convex annulus is rewritten into two
constraints which form a convex volume in the following manner

0 < p1 <u(t) < p2 (B.2)

0<p1 <T(t) < pa, [ we(t) [ST(2) .
Such reformulated problem is shown by Agikmesge and Polen (2007) to have the same global optimum as the
original problem. The smart use of lossless convexification can be beneficial in other cases as well and Agikmese
and Polen (2007) and Acgikmese et al. (2012) also add possibility to use glideslope and pointing constraints
which would be otherwise non-convex. As Blackmore (2016) and Agikmese et al. (2012) reveal, this method is
popular for in-flight use and e.g. the SpaceX rockets or the Masten Xombie powered landing prototype use the
real-time version of the algorithm.

B.3.3 General non-linear programming

As stated previously, more general problems which e.g. involve attitude dynamics are not necessarily convex
and typically cannot be convexified. They can still be often solved by numerical methods. There are however
no guarantees of a global optimum reached in polynomial time which are inherent to the convex optimization.
It is considered redundant to discuss each of these methods in great detail as there is a very large number of
them, often with similar properties. This subsection will therefore include only a short discussion of perhaps the
most popular option in context of landing optimization which is the sequential convex programming, a method
which now also enjoys frequent practical use in real-time optimal control applications (it is e.g. used during the
SpaceX Starship rocket “belly flop”).

As Duchi (2018) explains, sequential convex programming is an optimization method built on convex optimiza-
tion. It essentially divides the problem into convex and non-convex parts, replaces the non-convex parts with
their locally convex models and then treats the problem in manners standard for convex optimization. It is a
well-described method in context of powered landing with prominent examples being Mao et al. (2016), Bonalli
et al. (2019), Reynolds and Mesbahi (2020) and Wang and Grant (2016). It is considered beyond the scope of
the literature study to offer a deep dive into this topic as a comprehensive review would be more than a work
on its own. For a mere practitioner there exists an excellent Sequential Convex Programming toolbox (Malyuta
et al. (2022)) which implements the most important algorithms and offers easy to follow tutorials on optimizing
rocket trajectories using the respective method family.
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Appendix C

Artificial neural networks in the
context of event-based optical flow

This chapter will discuss the principles and structure of neural networks as far as they are relevant to the
subject matter of the literature study. First, Section C.1 will introduce artificial neural networks in general.
Then, Section C.2 will present the spiking neural network paradigm.

C.1 Artificial neural networks

Artificial neural networks are a novel computing paradigm which has lately revolutionized multiple areas of
research and industries. As artificial neural networks are an extremely broad topic, this section will only focus
on what is very relevant to event-based optical flow. In case of further interest, reader is encouraged to study
either Aggarwal (2018) or Nielsen (2018) (based on which this section is formed).

C.1.1 Basic principles of artificial neural networks

As Aggarwal (2018) states a neural network is a directed acyclic graph. The edges of the graph are assigned
weights and the computations in each node of the graph are dependent both on the incoming edge weights and
the values of nodes connected to it by these respective edges. Each node is called a neuron and has its own
activation function which takes the edge weights and input values as arguments to produce a single output.
Importantly, both the edge weights and activation functions are at least partially learnable from training data.
This is to a point inspired by the function of a biological brain which is touched upon in the Subsection C.2.1.
An illustration of a simple network structure is given in the Figure C.1.

INPUT LAYER

HIDDEN LAYER

Figure C.1: Illustration of a simple neural networks structure. There is an input layer which serves as an input
interface. The layers which are nor input, nor output are referred to as hidden. They propagate the information
to an output layer. Image taken and modified from Aggarwal (2018)

As Nielsen (2018) states such an arrangement allows the networks to compute any continuous function if appro-
priate architecture, weights and activation functions are used. This makes them excellent candidates to capture
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highly non-linear relationships.

As put by Aggarwal (2018) the layers can be either fully connected (each neuron in layer A is connected to
every neuron in layer B), sparsely connected (not every neuron in layer A is connected to each neuron in layer
B) or recurrent connections can appear (which allow previous outputs from neurons in layer A to be connected
to layer A).

The choice of activation function has a major influence on the function of the neural network. According to
Nielsen (2018) these are typically differentiable functions in form of a(Xinput, W, b) with X;pp, being the input
vector, w being the vector of input weights and b being the learnable bias parameter. Output of such function in
computer applications is typically a floating point number. The existence of spiking neural networks described
in the Section C.2 — which have digital activation functions — leads to a distinction in which the traditional
artificial neural networks are also called analog neural networks.

C.1.2 Backpropagation

As Nielsen (2018) states, the full power of artificial neural networks can only be utilized if they are sufficiently
large and contain a significant number of layers. To train such a network would be very challenging were it not
for a so-called backpropagation algorithm which allows to learn the weights and other terms efficiently. The
backpropagation algorithm itself is vastly too complicated to be elaborated here and the reader, if interested,
is recommended to see Nielsen (2018) but the basic principle will be shown. A cost function C(o,, 04) where o,
is the actual output of the neural network and o4 is the desired output is defined. As Nielsen (2018) explains
backpropagation calculates the partial derivatives g—g for all the parameters w in the network efficiently using
chain rule. This allows to calculate the gradient VC' with low computational cost. If the gradient is known
then the parameters can be optimized using methods such as gradient descent.

C.2 Spiking neural networks

Spiking neural networks handle incoming data differently than traditional artificial neural networks. They
try to more closely mimic the biological processes in order to increase efficiency. This section will describe
the biological background of such networks, their basic principles, models of neurons used in such networks,
learning processes in this context and it will lastly shortly discuss what this novel computing paradigm means
for hardware.

C.2.1 Biological background

The inspiration for spiking neural networks comes from the function of a biological brain. While it would be
unnecessary to go into too much detail, it is considered a good idea to review the main principles which are
relevant to the spiking neural networks. The following short description of neural dynamics originates from
Gerstner and Kistler (2002).

The basic functional unit of the brain is the neuron which can be divided into three parts by function — dendrites,
soma and synapses. The dendrites serve to receive the input signals, soma does the processing of the signals and
the synapses handle the output signals. A neuron which is sending the signal is known as pre-synaptic neuron
and by the same logic the receiving neuron becomes the post-synaptic neuron. A simple diagram showing these
components can be found in the Figure C.2.

The aforementioned neuronal signals are very short electrical pulses often called spikes (hence the name of spik-
ing neural networks). The arriving spikes affect the membrane potential of the soma. The membrane potential
is simply the voltage difference between the inside of the cell and the surrounding fluid. An arriving spike can
either increase or decrease the membrane potential and according to the nature of the change it is either called
an excitatory or an inhibitory spike.

If the membrane potential reaches a certain threshold a neuron will fire a spike. After firing, the membrane
potential first strongly decreases while it undergoes hyperpolarization to progressively reach the rest potential
later. This phenomenon ensures that even if strongly excited, the neuron cannot immediately fire again as it
is in a state of refractory period. As a result, sufficient temporal distance between individual spikes is always
kept and spikes coming out of the neuron are never ambiguous.

82



Dfndrites
:5 v/Soma

Figure C.2: Simple schema of a pre-synaptic and a post-synaptic biological neuron showing the main functional
components. Image taken and modified from Maheshwari et al. (2022)

C.2.2 Spiking neural network principles

Following these biological principles led to a novel type of neural networks which more closely mimic the function
of biological neurons. Instead of using floating point values the neurons only communicate by sending spikes
at a certain point in time. The following discussions will touch encoding, neuron models and learning in such
networks.

There is currently a debate on how the input information to a spiking neural network should be encoded.
According to W. Guo et al. (2021), there are four larger groups of encoding strategies. They are known as rate
coding, time-to-first-spike coding, phase coding and burst coding. As M.-H. Guo et al. (2022) state, the rate
coding is the simplest one. If the reader imagines an input to a specific neuron as a value, rate coding will create
a spike train with a firing rate corresponding to the very value of the input. In case of time-to-first-spike, the
exact timing of the first spike will be indirectly proportional to the value. Phase coding converts the input into a
binary representation and then fires the spikes according to the sequence of ones and zeros. Lastly, burst coding
sends bursts of spikes and the number of spikes contains the necessary information. These coding schemes are
illustrated in the Figure C.3.

C.2.3 Neuron models for spiking neural networks

There exists a wide variety of ways in which neurons can be modelled in spiking neural networks. They bring
a range of computation costs, network performance and biological plausibility.

A very biologically plausible neuron model was created by Hodgkin and Huxley (1952) who studied squids to
come up with a representation of the neuron as an electrical circuit with variable conductances. The charac-
teristics of such a cell are fully described by four ordinary differential equations (therefore it is often called as
four-dimensional). This leads to very significant computational costs.

The high computational complexity led to the development of neuron models with higher levels of abstraction
which try to capture the overall behavior of neurons rather than the exact mechanics as explained in Maass
and Bishop (1999). A very important part in this area is played by the family of integrate-and-fire neuron
models. Such models are much older than the biologically plausible ones as they were first proposed more than
hundred years ago according to Brunel and van Rossum (2008). The key element of all the integrate-and-fire
models is the assumption that the neuron behaves like a capacitor which fires a spike when a certain membrane
potential threshold is reached. In its simplest form, such a model takes the form as shown in the Equation C.1
with V(t) being the membrane potential, C;,, being the membrane capacity and I(¢) being the input current.
Note that now the characteristics of the cell are described by only one differential equation leading to superior
computational costs (therefore it is often called as one-dimensional).
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Figure C.3: An illustration of coding schemes for input to spiking neural networks. An example is given for
four different input pixels, each with a float value P. In rate coding the spike firing rate is proportional to value
of P. For time-to-first-spike coding the time of first spike will be indirectly proportional to P. Phase coding
transfers the value of P to a binary representation and then transmits the spikes as ones and non-spikes as
zeros. Lastly burst coding fires bursts of size proportional to P. (Image source: W. Guo et al. (2021))
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av(t)
= = 1(t) (C.1)

Very often, the integrate-and-fire model is extended into a leaky integrate-and-fire model as described in Ger-
stner and Kistler (2002). In such a case, an additional resistor with resistance R,, is added in parallel to the
capacitor as shown in the Figure C.4, and the dynamics follow the Equation C.2. The advantage of such a
neuron compared to the simple integrate and fire model is that if no spikes are arriving the voltage eventually
drops as the current is “leaking” through the resistor. This allows to better utilize the temporal characteristics
of the incoming spikes.

dVin(t) Vi (1)
Con =1 = 1(1) B (C.2)
pre-synaptic it post-synaptic
L — L

SPg

axon synapse soma spike generation
Figure C.4: An illustration of a circuit of a leaky integrate-and-fire neuron (image source: Lobo et al. (2019)).

The integrate-and-fire family models exist in a large variety. One example are adaptive integrate-and-fire neu-
rons which are elaborated in Sung and Kim (2020). The key property of the adaptive neurons is their ability
to adapt to specific scenarios over several spikes as they do not lose all the memory when they fire.

The model presented by Izhikevich (2004) can be seen as an intermediate step between the one-dimensional
integrate-and-fire models and the four-dimensional model of Hodgkin and Huxley (1952). It is a two-dimensional
model that was derived from Hodgkin and Huxley (1952) using bifurcation methodologies in order to provide
very high level of biological plausibility while keeping reasonable computation costs.

C.2.4 Learning in spiking neural networks

Spiking neural networks face several unique constraints during learning. As the activation functions are not
differentiable, it is impossible to make use of the usual combination of backpropagation with stochastic gradient
descent. This subsection will discuss some prominent alternatives.

A fairly straightforward option is what Eshraghian et al. (2021) call shadow learning. An analog neural network
with the exactly same structure is trained and converted to a spiking neural network. Out of the multiple
options a conversion of analog activation functions into spike rates as in Diehl et al. (2016) can be pinpointed.
According to Eshraghian et al. (2021), however, shadow training methods suffer from loss of temporal dynamics
as the analog neural networks lack the means to handle such inputs.

Possibly much more attractive option are modifications of the backpropagation algorithm for use with spiking
neural networks. One option is the so-called SpikeProp introduced by Bohté et al. (2000). SpikeProp calculates
the error with respect to the differentiable spike times instead of the non-differentiable activation functions.
This allows to train the network with a fairly common backpropagation algorithm. However, as Eshraghian
et al. (2021) points out, the algorithm is prone to let neurons “freeze” as if they never spike, they can never
learn. Thus, according to Eshraghian et al. (2021), the algorithm is very sensitive to weight initialization and
the required initial weights may lead to suboptimal results.
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The most common way at the moment is the use of surrogate gradients. As described by Neftci et al. (2019),
in such method the activation function differs during the forward and backward pass. In the forward pass, it is
the Heaviside function commonly used in spiking neural networks, but during the backward pass it is approx-
imated by a differentiable function such as the sigmoid. According to Eshraghian et al. (2021), with such a
modification, training can be done by using methods like backpropagation through time which are widely known
from recurrent analog neural networks. The backpropagation through time essentially unfolds the network into
the past, and do not calculate the gradient also with respect to a certain amount of previous timesteps which
incorporate the influence of prior events as shown in Werbos (1990).

All the above mentioned methods are primarily popular with supervised learning. There are more exotic ways
of training a spiking neural network which are largely but not exclusively connected to unsupervised learning.
Spike-timing-dependent-plasticity is a famous example. This method comes from characterization of a biological
phenomenon by Hebb (1949) which has been later paraphrased as “neurons which wire together, fire together”
by Shatz (1992). As explained in Roy et al. (2019) the strength of connection between a pre-synaptic and a
post-synaptic neuron is strengthened if the post-synaptic neuron fires after the pre-synaptic one. On the other
hand it is weakened if the situation happens the other way around.

C.2.5 Neuromorphic hardware

Spiking neural networks have a huge advantage in possible compatibility with the so-called neuromorphic hard-
ware which completely differs from the common von Neumann architecture and ensures very low latency and
power consumption. As discussed in Schuman et al. (2022), the biggest differences are massively parallel pro-
cessing used in the neuromorphic hardware and communication with asynchronous spikes instead of blocks of
binary data processed in a synchronous manner. These differences are summarized in the Figure C.5.

Von Neumann architecture < VEISUS ey Neuromorphic architecture
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Code as binary instructions <«— Programming —> Spiking neural network
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Synchronous (clock-driven) S Timing e Asynchronous (event-driven)

Figure C.5: Qualitative comparison of von Neumann architectures and neuromorphic architectures (image
source: Schuman et al. (2022)).

It is not considered beneficial for this work to dive deep into this topic, so the overview is kept very brief. Some
famous examples of a neuromorphic chip are Loihi by Davies et al. (2018) (well used in guidance, navigation
and control applications for drones e.g. Paredes-Vallés et al. (2023), Valette et al. (2010)) or TrueNorth by
Akopyan et al. (2015). It is very difficult to say that some operations or calculations are downright impossible
to do on these devices, however there are some general preferences.

Cuadrado et al. (2023) point out that a good strategy to avoid issues during implementation is to adhere to
the binary, spiking nature of the spiking neural networks as much as possible and preferably avoid e.g. use of
floating point values where possible. In the specific case of Cuadrado et al. (2023) this for example leads to a re-
placement of bi-linear upsampling, which involves averaging and thus floating operations, with nearest-neighbor
upsampling, which can be done in purely binary fashion.

For the case of neuromorphic computing in space it is very interesting to compare algorithms against each other
in terms of computational cost. The varied nature of neuromorphic hardware sadly makes this very difficult.
Bains (2021) published an opinion piece underpinning how easy it is to accidentally start comparing “apples
with oranges” due to the wide variety of neuromorphic hardware and proposed that comparison schemes often
work poorly on technologies with such a low level of maturity. The author could indeed not find any largely
accepted measure for computational cost which would mirror e.g. the floating point operations (FLOPS) for
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von Neumann architectures. This suggests that the work should rather focus on other performance measures
than computational cost. However it may be interesting to see if some of schemes like the one proposed by Date
et al. (2021) can be applied.

C.2.6 Simulation of spiking neural networks

There is a number of ways in which spiking neural networks can be simulated on commonly used computers.
A currently very popular language for prototyping and testing such networks is Python, because of its relative
simplicity, familiarity in the engineering community and the vast amount of libraries which can be used. A
large overview of such libraries is presented in Yamazaki et al. (2022). Probably the most interesting one for the
purpose of this work is Norse (Pehle and Pedersen (2021)) and sunTorch (Eshraghian et al. (2021)) due to their
support for variety of backpropagation and backpropagation-through-time algorithms and wide documentation.

Hagenaars and Paredes-Vallés (2023) is a repository which provides tools and guidance for easy simulation
of spiking mechanics using classical machine learning libraries. The authors of Hagenaars and Paredes-Vallés
(2023) make a point that this form of self-implementation may be a good option as it is often better to implement
only the necessary features to remove additional complexity.

C.3 Convolutional neural networks

Convolutional neural networks have become a prominent solution for a lot of computer vision problems. The
situation is no different in the field of processing event camera outputs. This section will present a short overview
of their principles and special considerations connected to spiking implementations.

C.3.1 Convolutional neural network principles

Most neural networks are not particularly well-suited to handle very large volumes of grid-like data. Very
soon such networks become almost untrainable due to the sheer amount of parameters which arise during such
trainings. Therefore convolutional neural networks were developed to tackle these issues.

The main idea of convolutional neural networks is the use of a kernel (also known as a filter) to extract features
spanning over multiple pixels from the data using convolution as explained in Venkatesan and Li (2018). This
results in fewer neurons and connections leading to more manageable networks. Kernels are learnable matrices
of values which are passed over the grid data. The result of convolution is simply a sum of products between all
the numbers in the kernel and the convolution input they overlay. This is illustrated by the Figure C.6. Kernels
can then effectively reduce dimensionality of the input and extract characteristic features.
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Figure C.6: An illustration of a two-dimensional convolution kernel. In this case a kernel is placed on top of
the number three in the input layer. Summing all the products of kernel values with the underlaying values in
the input layer leads to the final result of 5 which is written into the destination layer (often called feature map
in context of convolutional neural networks). (Image source: Podareanu et al. (2019))
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As Venkatesan and Li (2018) mention, convolution can have some special properties. For example it can be
strided, which means that the convolution kernel skips over some of the numbers in the input layer with a
regular step size. Another option is padded convolution, where it is made possible to pass the kernel over values
on the sides and corners by feeding artificial values to the parts of the kernel which would be otherwise outside
of the input.

Apart from convolution layers, convolutional neural networks typically feature the so-called pooling layers. As
Ranjan (2020) points out, pooling is an operation which is supposed to reduce the size of the representation of
the features while preserving the important information. The general idea of pooling is to take certain values
in the input and represent them as a single value. The Figure C.7 represents two of the most common pooling
methods, the maximum and average pooling.
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Figure C.7: Illustration of the pooling mechanism. Pooling with stride two is done on the input which means
that two values are always skipped when moving the 2x2 pooling operator in each direction. Average pooling
results in an average over the 2x2 window while maximum pooling simply takes the largest element. (Image
source: Yingge et al. (2020))

Deep convolutional architectures typically consist of multiple convolutional and pooling layers. A typical ex-
ample can be seen in the Figure C.8. In a characteristic setting, features are extracted from the input and then
processed in fully connected layers. Note that some convolutional neural networks used e.g. for segmenting or
optical flow estimation require a high resolution output. In such cases, a variety of upsampling methods can be
used such as nearest neighbor interpolation.
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Figure C.8: Schematic diagram of a simple convolutional neural network architecture (image source: Phung
and Rhee (2018))
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Appendix D

Optical flow and learning-based
methods for optical flow estimation
from events

This chapter will first introduce the concept of optical flow in Section D.1. Then it will proceed to describe a
variety of methods of determination of optical flow from event stream using the machine learning paradigm in
Sections D.2, D.3 and D 4.

D.1 Principles of optical flow

Taking the definition from Horn and Schunck (1981) optical flow is 7the distribution of apparent velocities
of movement of brightness patterns in an image”. A more intuitive explanation is presented by Gibson and
Marques (2016) who describe optical flow as a projection of motion from a three-dimensional scene into a two-
dimensional image plane. In many living organisms including humans, processing optical flow is critical for
steering their motion as pointed out in Warren et al. (2001). Accurate determination of optical flow also has a
huge importance for robotics including navigation during planetary landing. This section will briefly introduce
optical flow and motion field. It will also mention an important issue in estimation of optical flow called aperture
problem.

D.1.1 Optical flow and motion field

It is extremely important to make a correct distinction between optical flow and the so-called motion field.
As Jahne et al. (1999) explain, motion field is an actual projection of the three-dimensional velocities on the
two-dimensional image plane. On other hand optical flow is really just a distribution of apparent velocities of
brightness patterns. According to Distante and Distante (2020), non-zero optical flow is a result of either

e Motion of the camera
e Motion in the scene
e Change in lighting

There are cases where there is a motion field, but no optical flow and vice versa. Jahne et al. (1999) bring an
excellent example with a uniform-colored sphere and a point lighting source which is shown in the Figure D.1.
If the sphere rotates, but the lighting stays constant the brightness patterns will not change and there will be
zero optical flow and a non-zero motion field. On the other hand if the lighting source moves, but the sphere is
fixed, there will be no motion field, but a non-zero optical flow.

Furthermore, a variant exists where there is both non-zero optical flow and motion field, but they are different.
Very famous example brought up by Gibson and Marques (2016) is the barber’s pole shown in the Figure D.2.
If an observer focuses on one of the stripes when the pole rotates around its axis, they will see it moving down
along the axis of the pole. Motion field and optical flow are then orthogonal to each other. This is a manifes-
tation of an effect called aperture problem which is a topic of the next subsection.
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Figure D.1: Demonstration of difference between optical flow and motion field. Case a, that is rotating sphere
and fixed lighting source will result in a non-zero motion field, but a zero optical flow. On the other hand case
b, fixed sphere and moving lighting source will result in a zero motion field, but a non-zero optical flow. (Image
source: Jahne et al. (1999))
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Figure D.2: The barbers pole illusion illustration: while the viewer perceives apparent vertical motion in fact
the motion field is horizontal. This ambiguity is caused by so-called aperture problem which prevents the viewer
from estimating the exact direction of motion of a straight edge. (Image source: Distante and Distante (2020))

D.1.2 Aperture problem

When estimating optical flow, as Gibson and Marques (2016) state, a very common assumption is that a point
moving in the three-dimensional scene will appear in the projection with a constant brightness I over a short
time span. This is called the brightness constancy assumption and without it, it is almost impossible to calculate
the optical flow. As Jahne et al. (1999) state, with an assumption of very small motion this leads to a following
differential equation with optical flow a(z, g, t)

VI, g,0)7 - a(d,g,t) + =0 (D.1)
Careful study reveals that this equation contains two unknown variables as the optical flow vector @ (z,9,t) is
two-dimensional and thus is under-constrained. However because of the properties of dot product it is possible
to reconstruct the optical flow component (%,7,t); parallel to the brightness gradient. According to Gibson
and Marques (2016), this phenomenon is known as aperture problem, because as a result if a moving straight
edge is viewed through an aperture, it is impossible to calculate the component of motion perpendicular to the
edge (and thus parallel to the brightness gradient). This is illustrated by the Figure D.3. However as Jahne
et al. (1999) explain, if a corner appears in the aperture it is possible to calculate full optical flow as there are
already two independent brightness constancy equations and thus they can be solved as a system.
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(a) (b)

Figure D.3: Tllustration of the aperture problem. If a moving edge is observed through an aperture it is possible
to determine only the component of motion perpendicular to the intensity gradient. The tangential component
can have any magnitude. (Image source: Fermiiller (1995))

D.2 Spiking neural networks using synaptic delays

One of the possible mechanisms to estimate optical flow is by use of synaptic delays. The properly timed delays
can be used to make signals from multiple neurons coincide and raise the membrane potential over the critical
threshold. This section will discuss use of such strategies.

D.2.1 Spiking Architecture for Visual Motion Estimation

The first use of spiking neural networks for optical flow estimation can be attributed to Orchard et al. (2013)
who developed the Spiking Architecture for Visual Motion Estimation (SAVME). The neurons in SAVME act
to recognize pre-defined spatio-temporal event patterns corresponding to an edge moving in certain directions
by tuning the synaptic delays of the leaky-integrate and fire neurons.

FEach neuron in SAVME sensitive to one speed and one direction and connects to a 5x5 pixel square. An edge
moving at approximately the right speed and direction across these pixels will trigger the events in such a man-
ner that they will arrive at the neuron almost at the same time due to the synaptic delays. This will indeed force
the membrane voltage over the threshold and the neuron will fire. This principle is illustrated in the Figure D.4.
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Figure D.4: An illustration of SAVME principle on snapshot of a spatio-temporal space with a moving edge
(light grey plane). The edge moves and triggers events. In order to create a temporal coincidence of events on
a single neuron (light green plane) the synaptic delays (green arrows) must be tuned. (Image source: Orchard
et al. (2013)).

However such firing is still susceptible to the aperture problem. If a straight edge appears in the view, the neu-
ron has no chance of recognizing the flow parallel to the intensity gradient. Solution to this is to add another
layer of neurons to incorporate pooling. The neurons can be pooled in such a way that it becomes probable
that multiple edges of various orientations fall in their receptive fields. Each pooling neuron is connected to all
neurons in the first layer with their specific combination of speed and direction. If then an assumption of local
optical flow constancy over the pooled receptive field is made, it is possible to infer the local flow speed and
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direction from the specific combination of pooling neurons which fired.

While SAVME is arguably impractical for any larger scale implementations as it requires hand-tuning to specific
datasets, it serves as a good proof that spiking neural networks can indeed process event-based optical flow.
Moreover it can be implemented even on simple neuromorphic hardware.

D.2.2 Convolutional neural networks with delay blocks

Another solution utilizing synaptic delays was described by Chaney et al. (2021). A convolutional network is
created with four layers utilizing leaky-integrate and fire neurons. The first two layers extract spatial features
from the network input followed by a layer of delay blocks. Finally another convolution layer follows which
decodes the features. The architecture can be seen in the Figure D.5.

([

Figure D.5: Architecture of network proposed by Chaney et al. (2021). Two convolution layers are followed by
a layer of synaptic delay blocks. The blocks than link directly into another convolution layer. Events are given
to the network as a sequence of frames (here marked as t7,). (Image source: Chaney et al. (2021)).
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The events are inputted to the network in the form of two-dimensional frames which indicate in binary repre-
sentation whether an event happened or did not happen on a specific pixel during a very short time window.
These frames are fed to the network sequentially.

The delay blocks allow the network to store information between individual frames and explicitly compare the
signals. By the use of synaptic delays the network can make use of the temporal context in which individual fea-
tures appear. The network is using self-supervised learning with a combination of photometric and smoothness
loss further described in the Section D.3.1.

D.3 U-Net-like convolutional neural networks

The by far most common network architecture found in event-based optical flow estimations is the famous
U-Net developed by Ronneberger et al. (2015). It is a convolutional neural network originally developed for
segmentation of medical images. However it found its way into optical flow estimations which are in a way
comparable to segmentation in requiring an input and output of similar dimensions.

As stated in Ronneberger et al. (2015), U-Net consists of contracting path (called encoder) and expansive path
(called decoder). In the encoder convolutions and pooling operations downsample the input while the steps of
the decoder provide upsampling operations until desired dimensionality is reached. According to Zhou et al.
(2020), the success of the U-Net is largely due to clever employment of the so-called skip connections. As Zhou
et al. (2020) states the skip connections provide a link between the low-level, fine feature maps in the encoder
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to the rather deep feature maps in the decoder.

D.3.1 Analog U-Nets

Use of U-Net for optical flow from events estimation was pioneered by Zhu, Yuan, et al. (2018) with an ana-
log neural network called the EV-FlowNet. Great results achieved by this implementation made it a popular
benchmark and inspiration for most of the other following solutions.

EV-FlowNet makes use of well developed architectures for image processing by presenting the events to the
network in an image-like form. Input is a four-channel image with a resolution identical to the one of the
camera. The first two channels define a number of positive and negative events on each pixel during a short
predefined time window. The other two channels represent the timestamp of last positive and negative event
on each pixel.

The network itself consists of four encoder layers with strided convolution followed by a bottleneck of two resid-
ual blocks and a decoder which has four layers of upsample convolution. The whole architecture can be seen in
the Figure D.6.
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Figure D.6: Architecture of the EV-FlowNet, the encoder layers with strided convolution are followed with two
residual blocks and four decoder layers with the upsampling convolution. (Image source: Zhu, Yuan, et al.
(2018))

Of note is that the network was trained on datasets from a DAVIS camera (described in the A.3, so both events
and grayscale images are available. This allowed the authors to do self-supervised training using a so-called
photometric loss function where an image is taken at the beginning and at the end of a time window where
events are gathered, the first image is then warped according to the resultant optic flow and the loss is calculated
based on a difference in intensity between the warped image and the second image. Zhu, Yuan, et al. (2018)
however note that to deal with the aperture problem it is necessary to also add smoothness term to the loss
function which aims to minimize the difference in optical flow between neighboring pixels.

The authors of EV-FlowNet realized that summing up the events into a histogram and keeping only times of last
events for each pixel leads to discarding important information. Therefore in a follow up work by Zhu, Yuan,
et al. (2018) the events are distributed into a three-dimensional voxel grid (with time as the third dimension)
using bilinear sampling and this grid acts as an input to the network. It is noted that the voxels contain binary
information and there is no way to find whether more than one event is connected to a voxel. This novel input
method leads to an increase in performance over the EV-FlowNet.

Sun et al. (2022) also propose a novel way of representing event data in EV-FlowNet similar to Zhu, Yuan, et al.

(2018). In the work the input is divided into four channels based on event polarity and belonging to either half
of the temporal window. Authors show reduction in computational expense in comparison to previous methods.
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D.3.2 Spiking and analog hybrid U-Nets

Spike-FlowNet by C. Lee et al. (2020) is a U-Net-like hybrid between a spiking and analog neural network used
to estimate optical flow. As noted by S. Lee and Kim (2021), deep spiking neural networks have performance
issues due to a phenomenon called spike vanishing. On the other hand analog neural networks are incapable
of utilizing the precise timing information and show less computational efficiency than spiking neural networks
which are well-suited for processing the asynchronous event stream. Spike-FlowNet therefore uses spiking neural
network for processing inputs and analog neural network for reconstruction of the output.

The architecture of the network is de-facto identical to the EV-FlowNet (described in the Section D.3.1) with
the difference that the entire encoder is implemented as a spiking neural network with integrate and fire type
neurons as can be seen in the D.7. Also similarly to EV-FlowNet the network is trained using self-supervised
learning with a combination of smoothness and photometric loss.
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Figure D.7: An illustration of Spike-FlowNet architecture. The four channels are sequentially fed into the
spiking encoder followed by the analog decoder. (Image source: C. Lee et al. (2020))
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The key difference to the EV-FlowNet is however the handling of the inputs. Instead of summing all the events
over a temporal window, the spiking encoder allows for the window to be sliced into very short temporal frames
which are then passed sequentially to the network. According to C. Lee et al. (2020), this eliminates the need
for additional channels for timestamps and naturally preserves the temporal context for all events.

Training a hybrid network is more complex than training a pure analog network.

The Spike-FlowNet proved to be very successful and according to C. Lee et al. (2020) at the time of its release
managed to outperform the state-of-the-art analog neural networks trained for the same purpose. On the basis
of Spike-FlowNet, C. Lee et al. (2021) proposed Fusion-FlowNet which is combines event and frame-based data
in order to generate dense estimates of optical flow rather than limiting the estimate only to pixels where events
happened during the relevant time window.

Recently a work of Yang et al. (2023) emerged which presents a system similar to Spike-FlowNet, but adds
several novel concepts. Most importantly attention mechanisms were added to all outputs of the encoder.
As explained by M.-H. Guo et al. (2022), attention mechanisms allow for easy prioritization of certain more
important features being extracted by the encoder over the less important ones. Yang et al. (2023) note that
the attention mechanisms brought an increase in performance.

D.3.3 Fully spiking U-Nets

Despite the problems with the vanishing spikes in deep spiking neural networks mentioned by C. Lee et al.
(2020) there have been several fully spiking U-Nets implemented.

Among the first ones was Hagenaars et al. (2021) presenting SNN-EV-FlowNet which is a translation of EV-
FlowNet architecture (for details please refer to the Section D.3.1) to a spiking neural network with leaky-
integrate and fire neurons. As noted by Hagenaars et al. (2021) the solution did suffer from spike vanishing
issues, but yet managed to produce competitive results. Interesting thing about the SNN-EV-FlowNet is a use
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of contrast maximization for a loss function for self-supervised learning. Training is done using the surrogate
gradient method.

Important is work of Kosta and Roy (2023) who remade and tuned the Spike-FlowNet (described in the Sec-
tion D.3.2) and managed to produce a fully spiking version called Adaptive-SpikeNet trained using surrogate
gradients. Their work currently produces state-of-the-art results.

A major topic in implementation of spiking neural networks is the compatibility with the common neuromor-
phic hardware (further elaborated in the Section C.2.5). SteroSpike of Rancon et al. (2021) is a U-Net-like
depth estimation network rather than one for optical flow, but it shown important paths forward to achieve
hardware-friendly solutions. Most of the parts of the network are common to e.g. Kosta and Roy (2023), but
the decoder uses nearest neighbor upsampling which does not use floating point operation unlike the works of
Hagenaars et al. (2021) or Kosta and Roy (2023). Moreover the authors of StereoSpike were concerned with
lack of expressivity in such networks and introduced an architecture where predictions from each stage of the
decoder from coarse to fine contribute equally to the final prediction. Such a strategy increases the number of
spikes which can influence the readout neurons and improves performance.

Work of Cuadrado et al. (2023) came greatly inspired by the StereoSpike. Their optical flow estimation U-Net
utilizes both the nearest neighbor upsampling and linking or the readout neurons to deep decoder layers. How-
ever there are more novel approaches presented by the authors.

Firstly the traditional spatial convolution is replaced by maximum pooling in Cuadrado et al. (2023). This
improves performance and is found to be neuromorphic hardware-friendly. Secondly the input to the network
are 21 event frames with two channels (negative and positive events) concatenated along temporal direction.
Use is then made of temporal convolution to extract temporal features in the encoder. The temporal convolution
is done in such a way that the temporal dimension is flattened before the bottleneck and in the decoder only
two dimensions are considered. This dictates that only the last temporal event frame in each encoder layer can
be used in the skip connections. The whole architecture is visible in the Figure D.8.

[N

240x32
C=64
T=13

N\

30x40)
C=513
T=1

Figure D.8: An illustration architecture used by Cuadrado et al. (2023). Note the decreasing temporal dimension
in the encoder (here marked as T) due to the temporal convolution. Also note how all the decoder layers are
linked to the readout neurons. (Image source: Cuadrado et al. (2023))

Schnider et al. (2023) introduce the use of a novel Timelens architecture which is rather similar to U-Net. It

uses leaky integrate and fire neurons with a rather interesting trainable recurrent parameter which helps the
neurons to better capture temporal dependencies.

D.4 Other spiking architectures

Notable is work of Paredes-Vallés et al. (2018) devising a fully spiking convolutional network for egomotion
estimation. The network consists of three convolution layers, one pooling layer and a dense layer at the output.
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It is important to realize that the prediction is the egomotion not the optical flow, so unlike for the other cases
described in this chapter, the input and output have a vastly different dimensionality.

Probably the most interesting feature of the work of Paredes-Vallés et al. (2018) is the self-supervised learn-
ing rule utilizing spike-timing-dependent plasticity. This strategy formalizes the idea that neurons which fire
together have strong connections presented by Hebb (1949). A neural network rather similar to the one of
Paredes-Vallés et al. (2018) was also proposed by Barbier et al. (2021), but specifically tuned for binocular
cameras and aiming at also estimating orientation and binocular disparity next to motion. The architecture of
Paredes-Vallés et al. (2018) is also adopted by Tian and Andrade-Cetto (2023) in a novel method to estimate
egomotion from a noisy optical flow.

Hagenaars et al. (2021) proposed a U-Net-like network described in the Subsection D.3.3, but also a lightweight
network called SNN-FireNet based on the FireNet proposed by Scheerlinck et al. (2020) for fast image recon-
struction.

The SNN-FireNet architecture can be seen in the Figure D.9. It is notable that it utilizes Gated Recurrent
Units which as explained by Scheerlinck et al. (2020) allow the network to capture historical information into a
hidden state which allows to integrate temporal information into the predictions. The SNN-FireNet was found
to produce results rather similar to the U-Net-like network and encountered issues with spike vanishing.
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Figure D.9: SNN-FireNet architecture used by Hagenaars et al. (2021). Note the use of Gated Recurrent units.
Image taken and modified from Hagenaars et al. (2021).

In Y. Zhang et al. (2023) a novel way of inputting events to a spiking neural network can be found by using
adaptive algorithm to slice the event frames in a most beneficial way such that they show clear and sharp edges.
An intuition can be made that faster movement forces the algorithm to do faster slicing and vice versa. The
details of the method can be found in Y. Zhang et al. (2022). Apart from that Y. Zhang et al. (2023) introduce
a simple encoder/decoder architecture with leaky-integrate and fire neurons.

D.5 Other analog architectures

This section will briefly show some of the analog neural networks which cannot be classified as U-Nets. While
they may not be directly related to the topic of the work, they still contain very valid and interesting ideas.

M. Gehrig, Millh&usler, et al. (2021) developed E-RAFT which similarly to e.g. Hagenaars et al. (2021) uses
Gated Recurrent Units to capture the state data and make use of temporal dependencies between the spikes
in a convolutional neural network. The recurrence is exploited by the use of the so-called cost volumes which
are well-suited for comparison of the different event frames. Work of Ding et al. (2021) can be compared to
M. Gehrig, Millhausler, et al. (2021) as it builds on very similar principles.

An approach very different from all other approaches in this chapter was taken by Nagata and Aoki (2022).
The spatio-temporal plane fitting strategies, which are common model-based approach to event-based optical
flow, suffer greatly from noise when the plane is being fitted with least-squares minimization. Nagata and Aoki
(2022) utilize the so-called PointNet neural network architecture which is very well suited to find the outliers
caused by noise effects in the event clouds and improve the plane fitting. This is done in a very computationally
efficient manner. The efficient outlier detection is deemed interesting even in context of combination with other
methods.
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Appendix E

Additional results

This appendix contains additional results on updated dataset obtained at the end of the research, which could
not be fully analyzed in the available timespan, yet they are considered potentially interesting to the reader.

E.1 Dataset update

It was found that by fine-tuning PANGU level-of-detail settings and generating imagery at higher than necessary
resolution, the popping effect described in Subsection 4.2.2 can be essentially suppressed. This in turn allows
to increase the frames rate of the source videos to values around 1000 frames per second without significant
undesirable artifacts. As such, there is no need to fear discrete effects of the v2e simulator described in Subsection
4.2.2. The entire dataset was regenerated using this new method. Figure E.1 illustrates this difference by showing
brightness gradients present in the original and updated source imagery, where the level of detail steps are no
longer visible.

Figure E.1: Comparison between the original dataset and its update. Brightness spatial gradient magnitude is
plotted in the image to highlight the level of detail. Notice that above the red line both of the images are the
same, but below the red line there is a lower level of detail present in the image from original dataset.

E.2 Model retraining

Due to time constraints only two models could be retrained on the new dataset. To support the conclusions
of RSQ-2, it was decided to retrain ASN AC and OES AC. Table E.1 presents the AEE values achieved on
the updated dataset. It can be seen that, compared to the original data set, both models slightly improve in
performance. Interestingly, performance on nominal and divert trajectories is now very similar for both models,
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whereas previously the nominal trajectories were clearly an easier task. The original results are however not
considered to be invalidated by this update.

Model Vv N D | Sum
ASN AC | 1.02 | 3.28 | 3.15 7.45
OES AC | 1.12 | 2.12 | 2.14 5.38

Table E.1: Mean AEE values for models across trajectory types (V, N, D) and their totals on the improved
dataset

Visual investigation revealed an interesting tendency in ASN AC to reach very large angular errors of the optical
flow vectors during fast attitude maneuvers to an extent unseen in the original dataset. On the other hand, OES
AC seems to be more capable of handling such conditions than it was before the update. Figure E.2 presents a
plot of average angular error of optical flow against angular velocity.
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Figure E.2: Plot of average angular error in the optical flow against the angular velocity in updated ASN AC
and OES AC models. Notice that the performance of ASN AC significantly deteriorates at higher angular
velocities and OES AC feels exactly the opposite effect. Shaded area corresponds to one standard deviation.

This prompted a search for possible reasons behind this behavior. Two hypotheses were posed. Firstly, it is
possible that OES AC is simply better than ASN AC at training for regimes, which are only sparsely seen in
the dataset and requires less data. Second option is that ASN AC puts a large emphasis on the event count
in different parts of the image plane, which however becomes approximately uniform during fast attitude ma-
neuvers. The second hypothesis however, could not be confirmed by studies using localized large-scale event
dropout as both models proved to be rather insensitive to this type of test.

To follow up on Chapter 7, ACEE was measured on the same trajectories using the updated OES AC model.
The results are presented in Table E.2. Table E.3 then provides a comparison with results from Chapter 7 before
the update. The results seem to be rather similar, with the exception that the new model proves to perform
very significantly worse on nominal and ventral trajectories in KAA regime and it is markedly better on divert
trajectories. Reasons for this behaviour are not yet known and they can be further studied in the future.

Regime/Trajectory type A% N D

KAA 0.015 (o = 0.005) | 0.018 (¢ = 0.010) | 0.022 (¢ = 0.011)
R 0.016 (o = 0.005) | 0.019 (¢ = 0.010) | 0.038 (¢ = 0.019)
KA 0.017 (o = 0.005) | 0.026 (¢ =0.014) | 0.044 (¢ = 0.019)

Table E.2: Updated ACEE values using the OES AC model trained on the improved dataset.
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Regime/Trajectory type A% N D

KAA +25% | +80% | -4%
R -6% 0% -5%
KA 0% +8% | -8%

Table E.3: ACEE difference between OES AC models before and after update in percent. Higher values indicate
poorer performance of the new model relative to the old model and vice versa.
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