





“they are not as intelligent as we who kill them;
although they are more noble and more able.”
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Abstract

LYING ROBOTS are increasingly used for tasks such as aerial mapping, fast exploration,
video footage and monitoring of buildings. However, autonomous missions are usu-
ally constrained to high altitude flights above flat surfaces in order to avoid collisions.

Autonomous flight at low altitude in cluttered and unknown environments is an active research
topic because it poses challenging perception and control problems. Traditional methods for
collision-free navigation at low altitude require heavy resources to deal with the complexity of
natural environments, something that limits the autonomy and the payload of flying robots.

Flying insects, however, are able to navigate safely and efficiently using vision as the main
sensory modality. Flying insects rely on low resolution, high refresh rate, and wide-angle
compound eyes to extract angular image motion — optic flow — and move in unstructured envi-
ronments, rather than on overlapping, single-lens eyes and depth-from-stereo vision as many
other animals do. These strategies result in systems that are physically and computationally
lighter than those often found in high-definition stereovision.

Taking inspiration from insects offers great potential for building small flying robots capable
of navigating in cluttered environments using lightweight vision sensors. Robots can be
programmed to adopt insects strategies, but little is known about the way insects turn visual
stimuli into muscular actuation during flight, especially in the presence of obstacles. This
precludes a direct implementation of insect flight control into robots.

In this thesis, we investigate insect perception of visual motion and insect vision based flight
control in cluttered environments. We use the knowledge gained through the modelling of
neural circuits and behavioural experiments to develop flying robots with insect-inspired
control strategies for goal-oriented navigation in complex environments.

We start by exploring insect perception of visual motion. We present a study that reconciles an
apparent contradiction in the literature for insect visual control: current models developed
to explain insect flight behaviour rely on the measurement of optic flow, however the most
prominent neural model for visual motion extraction (the Elementary Motion Detector, or
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Abstract

EMD) does not measure optic flow. We propose a model for unbiased optic flow estimation
that relies on comparing the output of multiple EMDs pointed in varying viewing directions.
Our model is of interest of both engineers and biologists because it is computationally more
efficient than other optic flow estimation algorithms, and because it represents a biologically

plausible model for optic flow extraction in insect neural systemes.

We then focus on insect flight control strategies in the presence of obstacles. We perform exper-
iments with bumblebees (Bombus terrestris) flying freely in specially designed environments
in order to model their control strategy and study how it is affected by different methods for
pooling visual motion across a panoramic field of view. By recording the trajectories of bum-
blebees, and by comparing them to simulated flights, we show that bumblebees rely primarily
on the frontal part of their field of view, and that they pool optic flow in two different manners
for the control of flight speed and of lateral position. For the control of lateral position, our
results suggest that bumblebees selectively react to the portions of the visual field where optic
flow is the highest, which correspond to the closest obstacles.

Finally, we tackle goal-oriented navigation with a novel algorithm that combines aspects of
insect perception and flight control presented in this thesis — like the detection of fastest
moving objects in the frontal visual field — with other aspects of insect flight known from
the literature such as saccadic flight pattern. We present the design of a lightweight flying
robot capable of producing lateral accelerations while limiting body rotations in order to
facilitate optic flow measurement during insect-like saccadic flights. Through simulations, we
demonstrate autonomous navigation in forest-like environments using only local optic flow
information and assuming knowledge about the direction to the navigation goal.

Keywords: Flying robots, flying insects, optic flow, visual motion sensing, elementary motion

detector, flight control, collision avoidance
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Résume

ES ROBOTS VOLANTS sont utilisés de plus en plus fréquemment pour des taches telles
que la cartographie aérienne, I'exploration rapide de zone difficiles d’acceés, la prise
de vue cinématographique ou encore I'inspection de batiments. Néanmoins, les vols

automatiques sont généralement planifiés de fagon a maintenir une altitude confortable au
dessus du sol afin de réduire les risques de collision. Le vol autonome a basse altitude dans des
environnements non cartographiés et encombrés par des obstacles est un sujet de recherche
actif parce qu’il représente un réel challenge tant en terme de perception que de contrdle du
vol. Les méthodes traditionnelles d’évitement de collision et de navigation a basse altitude
nécessitent de lourds équipements embarqués ainsi qu’une forte puissance de calcul, deux
éléments qui limitent le temps de vol et la charge utile des robots volants.

Les insectes volants, malgré leur poids plume et leur petite taille, sont capables de naviguer
efficacement et en toute sécurité en utilisant leur vision comme principale source d’informa-
tion. Les hommes et les robots traditionnels ont recours a une paire d’yeux a simple lentille,
ce qui les dote d’une tres bonne résolution binoculaire pour estimer les distances, mais aussi
limite leur champ de vision ainsi que la vitesse d’acquisition des images. Au contraire, les
insectes volants voient le monde au travers de leurs yeux a facettes, dont la faible résolution
est compensée par une haute fréquence de rafraichissement et un champ de vision panora-
mique. Les insectes basent le contrdle de leur vol sur I'extraction de la vitesse de défilement
des images, appelé le flux optique. Cela permet d’obtenir des systemes dont la masse et les
besoins en puissance de calcul sont plus faibles que ceux rencontrés dans les systemes de
vision binoculaires a haute résolution.

S’inspirer des insectes représente une excellente opportunité pour la conception de robots
volants équippés de capteurs visuels miniatures et capables de naviguer de fagon autonome
dans des environnements encombrés d’obstacles. Bien qu’un robot pourrait étre programmeé
afin de répliquer les stratégies employées par les insectes, il subsiste cependant de nombreuses
incertitudes concernant la fagon dont les insectes volants convertissent I'afflux d’informations

visuelles en commandes motrices lors de vols en présence d’obstacles. A ce jour, cela empéche
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de bénéficier de méthodes utilisées par les insectes dans une implémentation robotique de
contréle du vol en environment complexe.

Dans cette thése, nous étudions la perception du mouvement chez les insectes volants ainsi
que leur contrdle de vol basé sur la vision en présence d’obstacles. Nous utilisons les resultats
obtenus par le biais de modélisations de circuits neuronaux et d’expériences comportemen-
tales afin de développer des robots volants qui utilisent des stratégies de contréle inspirées
par les insectes pour naviguer dans des environments encombrés par des obstacles.

Nous commencons par explorer la perception du mouvement visuel chez les insectes. Nous
présentons une étude qui réconcilie une apparente contradiction dans la littérature liée au
contréle visuel du vol des insectes : ce dernier est expliqué par des modeéles basés sur la mesure
du flux optique, or le principal modéle neuronal pour I'extraction du mouvement visuel (le
Elementary Motion Detector, ou EMD) ne mesure pas le flux optique. Nous proposons un
modele pour I'estimation du flux optique qui se base sur la comparaison des signaux de sortie
d’une serie d’EMDs pointés vers différentes directions dans le champ visuel. Notre modéle
est intéressant non seulement pour les ingénieurs mais aussi pour les biologistes car en plus
d’étre plus efficace en termes de temps de calcul comparé aux autres algorithmes d’estimation
du flux optique, il représente une hypothése biologiquement plausible pour I’estimation du
flux optique dans le systéme nerveux des insectes.

Nous nous concentrons ensuite sur le contréle du vol en présence d’obstacles. Grace a des
expériences menées avec des bourdons (Bombus terrestris) volant librement dans des environ-
nemens spécialements congus, nous modélisons leurs stratégies de contréle et étudions la
facon dont elle est affectée par différentes méthodes d’aggrégation du flux optique mesuré
dans leur champ de vision panoramique. En mesurant les trajectoires des bourdons, et en
les comparant avec des simulations de vol, nous montrons que les bourdons utilisent prin-
cipalement la partie frontale de leur champ de vision, et qu’il aggrégent le flux optique de
deux facons différentes pour le contrdle de leur vitesse de vol et celui de leur position latérale.
Pour le contréle de la position latérale, nos résultats suggérent que les bourdons réagissent
de fagcon sélective aux portions du champ de vision ou le flux optique est le plus fort, ce qui

correspond aux obstacles les plus proches.

Enfin, nous nous intéressons a la navigation autonome pour laguelle nous proposons un
algorithme qui combine plusieurs aspects de la perception et du contréle chez les insectes
présentés dans cette these, notamment la détection des objets se déplagant le plus rapidement
dans le champ de vision frontal, ainsi que d’autres aspects issus de la littérature tels que le
vol par saccades. Nous présentons le design d’un robot volant miniature capable de produire
des accélerations latérales tout en minimisant les rotations de la caméra afin de faciliter la
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mesure du flux optique pendant des vols en saccade inspirés par les insectes. Par le biais de
simulations, nous démontrons la navigation autonome dans un environment de type forestier

en utilisant une information de flux optique mesurée localement.

Mots clefs : Robots volants, insectes volants, flux optique, perception visuelle du mouvement,
elementary motion detector, contréle du vol, évitement de collision
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i} Introduction

HE GOAL of this thesis is to contribute to the fields of flying insect vision and bio-
inspired autonomous flying robotics. We aim at proposing models for the visual
perception of flying insects and its application to flight control in cluttered environ-

ments in order to implement autonomous navigation strategies that require lightweight visual
sensors and low computational power. In this introductory chapter, the motivation behind
this work is presented, followed by the state of the art. The main contributions of this thesis

are then presented and its organization outlined.



Chapter 1. Introduction

1.1 Motivation

Autonomous flying robots are becoming increasingly popular for tasks such as aerial cartog-
raphy, monitoring of buildings, video footage, or even automated delivery of small packages
[46, 29]. In spite of the ever-increasing reliability of commercially available products as well
as hobbyist projects, autonomous flying robots are usually constrained to flights at relatively
high altitude over flat terrains in order to avoid collisions with obstacles on the ground. Au-
tonomous navigation in complex, unstructured and unknown environments such as urban,
forest and indoor environments is an active field of research because it seemingly requires
robots with incompatible attributes: low weight, agile flight, advanced sensing and fast com-
putation.

When flying in the sky, away from obstacles, the flying robot can rely on GPS positioning in
order to navigate between predefined waypoints. While GPS signal is effective at high altitude,
it becomes unreliable when flying at low altitude, in cluttered environments or in urban
canyons, where it suffers from occluded satellites and from signal reflection on buildings. A
more effective approach that does not require the knowledge of absolute position in a map
consists in continuously monitoring the 3D layout of the surrounding environments in order
to detect the presence of obstacles and to steer around them. Traditionally, autonomous
navigation in unknown environments requires a real-time mapping of the surroundings (with
methods such as SLAM [112, 25, 69]) and associated path-planning algorithms [44] to guaranty
that the robot does not collide with obstacles. This safety usually comes at the cost of increased
complexity, weight and limited flight speed due to the time needed to update the internal map
and to compute a collision-free path.

If we take a look at Nature, we can appreciate the smart and efficient flight of insects in
complex natural environments. Flying insects possess limited computational resources [41]
and eyes with low spatial resolution [68]. Yet they are able to use vision to navigate effortlessly
in cluttered and unknown environments [40, 124]. To achieve this, flying insects extract the
pattern of visual motion generated in their panoramic field of view as they move (known
as optic flow [53, 64]). They use this visual information with computationally efficient and
reactive strategies to control their speed [123, 4, 7, 62, 100, 1], avoid obstacles [122, 62, 79],
control their height above the ground [99, 101, 119], and to land [21, 41, 132, 125, 132, 133].

These highly efficient vision-based flight control strategies have attracted considerable interest
among the community of scientists working in autonomous robotics over the last decade.
Roboticists successfully took inspiration from flying insects to implement computationally
efficient and lightweight solutions for autonomous flight stabilisation [94, 92], altitude regula-
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Figure 1.1 — Artistic view of a bumblebee (Bombus terrestris) navigating through a forest,
dodging tree trunks and encountering conspecifics on its path.

tion [109, 15, 47], landing [130, 15], obstacle avoidance [138, 15, 63] and speed estimation [67,
24,126].

To date, however, most of the biological studies on optic flow based control were performed
within environments made of flat surfaces that are far from the topology of natural environ-
ments, so it is not clear if the principles described in the literature stand true in more complex
environments. Insects were presented with cubic rooms [128, 132] or corridors [4, 122, 62,
117] with varying width and height, but little is known about which part of their visual field
they use [7, 80], or whether they are able to selectively extract information about specific
areas. Moreover, it is still unclear how insects measure optic flow because the most prominent

neuronal model for motion sensing suffers from imperfections [135].

In this thesis, we aim to address these limitations and to enable autonomous flight in complex
and unknown environments while refining our knowledge on insect flight control. For this
purpose, we study insects flying in complex environments and model their behaviour with a
formalism suitable for both animals and robots.
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1.2 State of the art

1.2.1 Optic flow estimation in insect

Optic flow is defined as the visual motion perceived by an observer as it moves through a
scene. It consists of a 2D vector on the image plane, and its magnitude depends on both the
relative speed of motion between the observer and surrounding objects, and on the structure
of the environment, i.e. the shape and layout of the surrounding objects and their distance
to the observer. In static environments, optic flow solely depends on the self motion of the
observer and its distance to obstacles, which makes it suitable for ego-motion estimation and
collision avoidance.

When it is computed in several locations in the visual field, optic flow forms a 2D vectors field
that should not be confused with the 2D vector field of image angular velocity (Fig. 1.3). While
the optic flow field is computed from the time variation of pixel intensities, the image angular
velocity can be derived geometrically from the position and speed of the observer and of the
distance to objects [64]. The optic flow field is ideally equal to the image angular velocity
field, but this is not always the case. Discrepancies may occur when the image does not have
sufficient contrast, or when a narrow field of view combined with unidirectional features lead

to the aperture problem.

The general formula for the optic flow in the ideal case is the following (adapted from [64]):

Vi (Vig)u

OF ()~ j @ 1 >E (1.1)

where OF (&) is the vector of optic flow in the viewing direction defined by the unit vector t;
Vv and > are the translation and rotation speed of the observer, respectively; and D (&) is the
distance to the object in the viewing direction . In the case of pure translational motion, this
expression can be simplified as:

— Iivii

JIOF trans(t)]j D) sin(fi) 1.2)

where fi is the angle between the direction of motion and the viewing direction &. Translational
optic flow is thus proportional to flight speed and inversely proportional to distance. In other
words it is inversely proportional to the time to contact, and a high value of translational optic

flow value indicates an imminent collision.

In the part of the insect neural system that is involved in visual processing, Elementary motion
detectors (EMDs) are responsible for the extraction of image motion between neighbouring
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Figure 1.2 — Insect eye and optic flow.

(a): Insect compound eye. Each ommatidia composing an insect eye contains a miniature
lens and has a relatively small field of view, but the compound eyes achieve a very wide field of
view. (b): lllustration of optic flow field during translational flight. Note that its magnitude
is null in the direction of flight, and that it increases towards the lateral, ventral and dorsal
regions of the field of view.

ommatidia. Originally introduced by Hassenstein and Reichardt [56], this model is believed to
be present in insect neural systems across the whole visual field and to be used in the early
processing steps of the visual input [48, 89]. Their output is spatially integrated by a group of
wide field motion sensitive neurons, each one applying a specific weighting function to its
elementary motion inputs [49, 83, 67, 61]. These pooling neurons act like a series of motion
sensors, each one with a different orientation and field of view. The Elementary Motion
Detector, however, does not provide a perfect estimation of optic flow or image velocity. The
EMD output is indeed highly correlated with image brightness and with the frequency content
of the image [135].

1.2.2 Field of view and sensor orientation in insects and robots

Bumblebees regulate flight speed based on the image motion gathered in the lateral field of
view, between 17° forward and 132° backward [7]. This result demonstrates that speed control
is not performed based on information sensed in one unigue direction, but rather based on
the pooling of information coming from a large field of view. However, little is known regarding
the relative importance of visual regions contained within these boundaries. In blowfly, flight
speed is regulated by the fronto-lateral and moderately ventral eye region [62]. Optic flow
vector fields were reconstructed in simulation from recorded flights trajectories. The visual
areas with the lowest variation in optic flow amplitude during flights were designated as the
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Figure 1.3 — Elementary Motion Detector.

(a): Original study by Hassenstein and Reichardt in 1956 which led to the EMD model [56,
17]. The beetle was observed turning left or right according to the presented visual stimulus.
(b): Schematic view of the EMD model. It provides a motion estimate from two consecutive
photoreceptors using only two low pass filters, two multiplications and a subtraction. (c): EMD
response as function of the image angular speed. The response is maximum at a velocity that
depends on the frequency of the visual stimulus. It thus cannot be used to measure angular
velocity.

ones used for speed control. The limitation of such an approach is that no link was made
between visual input and flight actuation output, nor any closed loop simulation performed,
so nothing ensures that the fronto-lateral eye region was actively kept with a low variation of
image motion by the animal. Indeed, in the hypothesis that suggests spatial pooling across
the whole visual field, the average optic flow amplitude can be kept constant while local
amplitudes are varying. It should instead be investigated whether there exists areas whose
optic flow amplitude is highly correlated with changes in flight speed, denoting an active
speed control.

In robotics, conflicting solutions for sensor placement can also be found. Optic flow sensors
are often oriented at 90° to the side of the platform (for example [102]) because this is the
orientation in which the optic flow amplitude is the highest when moving along a corridor. On
the contrary, an orientation of 45° forward is a trade-off between the low optic flow amplitudes
at angles near 0° and the already-past obstacles seen at angles above 90° (see [15]). Optic flow
sensors oriented at 45° from the direction of motion also ensure that the measured optic flow
is the maximum when flying toward a wall [139]. However, simulations with more complex
environments found an optimum around 30° from the direction of motion [15].
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Figure 1.4 — Placement of optic flow sensors in flying insects and robots.

(a): Experiment showing that bumblebees use optic flow flexibly in the visual field, they react
to a reduced corridor width by slowing down well before reaching the narrow section [7].
(b): Model on honeybee using two motion sensors oriented at 90° on the left and right sides
and two motion sensors oriented at 90° upward and downward [98]. (c): Microflyer equipped
with two lateral optic flow sensors oriented at 45° on the side, and one ventral optic flow sensor
oriented at 45° downward [139]. (d): Hovercraft equipped with optic flow sensors oriented at
90° on the sides [116].
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1.2.3 Insect-inspired autonomous flight in complex environments

A few attempts have been made to model insect flight control. The approach in [92, 93, 85,
33] is a bottom-up approach, which means that it attempts to build a simulated fly based on
the current knowledge in insect neurology and aerodynamics. The main limitation of such
method is that, in spite of the precision of neural recording on tethered flies, these results only
apply to low level, reactive computations as the behaviour of the tethered animal is arguably
different from that of a freely flying animal.

When the goal is to understand insect behaviour and to design a flying robot, rather than
building or simulating a perfect copy of insect neural circuits and observing the resulting
behaviour, an alternative method consists in proceeding the other way round: model animal
behaviour and then infer and study the associated perception and control strategies (see for
example [48, 41, 124, 119)).

The method presented in [22, 21] consists in representing each point of a flight trajectory as a
vector in a space of dimension respectively six and four (three linear velocity plus respectively
one and three angular velocities). Clustering algorithms are then used to identify prototypical
motion patterns and objectively describe a trajectory. The same kind of approach is used
in [52], the behaviour of the insect over time is modelled with a markov chain, each state
corresponding to a prototypical motion. The transition probabilities between each state are
estimated and the flight behaviour is predicted with fairly good accuracy. However, the proba-
bilities to transition between states do not take into account the visual motion experienced by
the insect, although insects are known to react according to the visual motion they perceive.

Vision-based autonomous indoor flight of a 30 grams microflyer was demonstrated using a
control method inspired by insects [139]. Two controllers for altitude and lateral steering were
used while flight speed was regulated with an anemometer. However, this demonstration
was limited to a simple cubic environment with flat walls, ground and ceiling, and was highly
dependant upon the texture used on the walls. Similarly, a fixed wing optic flow based con-
troller, called OptiPilot, was developed for attitude stabilization, altitude regulation, obstacle
avoidance, take-off and landing [15]. The controller consisted of two sets of weighted sumes,
for pitch and roll control, applied to the signal of seven optic flow sensors. The platform was
able to avoid groups of trees in an open field. However, the platform was limited to flights
at relatively high altitude at which the ground can be considered as a flat surface, and to
large obstacles relative to the size of the robot). Results in simulation showed that it was not
suited for small obstacle avoidance, and that it was subject to crashes in case of symmetric
input, like when facing a wall. More sensors and a more refined strategy would be needed to
detect smaller obstacles and deal with symmetric cases. It should also be noted that biological
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studies tend to show that separate controllers for different tasks coexist in neural system of
insects [121, 2]. Two cameras equipped with fish-eye lenses are used to extract optic flow from
panoramic images in [127, 130]. The papers demonstrates vision-based stabilization and au-
tonomous flight capabilities. Optic flow disparities are used in conjunction with usual image
processing algorithms to detect moving objects. The presented methods, although effective,
require flight at relatively high altitude over flat terrain. Finally, the resolution of the cameras
and the multiple image processing tasks executed in parallel have a high computational cost
and the method could not be miniaturized with the current performance of micro-controllers.

A ground robot controller derived from the optic flow sensitivity maps of lobula plate tangential
cells [61] was shown to be robust to the presence of obstacles although it was not specifically
designed to avoid obstacles. Environmental uncertainty was included in [63] to account for the
unknown position of obstacles during the design of a quadcopter controller. This resulted in
more robust tracking of an obstacle-symmetric trajectory, i.e. a trajectory with equal distance
to the obstacles on the left and right sides. However this method does not allow to navigate
towards a goal without breaking the obstacle symmetry of the trajectory. Combined navigation
and obstacle avoidance was achieved with a simulated agent flying through a field of obstacles
in [14]. The agent performs saccadic flight, i.e. a series a straight path segments and sharp
yaw turns, similar to what is observed in flying insects. During the straight path segments,
EMDs are used to gather relative nearness information around the agent and to take a decision
regarding the amplitude of the next saccade. Saccades are performed in order to align the
heading in a direction resulting from a weighted sum between the direction to the goal and the
direction where obstacles are the closest on average around the agent. Because the proximity
to obstacles is averaged all around the agent, however, there is no guaranty that this weighted
sum will not result in the a saccade towards a small obstacle located in the direction opposite
to that of average maximum proximity.

1.3 General approach

Throughout this thesis, we orient our research toward questions that are relevant for both
biologists and roboticists. We concurrently explore flight control in complex environments
through behavioural experiments with bumblebees and simulations and experiments on
flying robots. Bumblebees (Bombus terrestris) were chosen as our model species because
they are readily available and fly year round in the animal facilities of Lund University, and
can be easily trained to fly in controlled environments between their hive and a food source.
Finally, compared to smaller insects studied more extensively —like Drosophila melanogaster—
bumblebees have a higher inertia, leading to flight dynamics closer to that of flying robots.
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The simulation tools developed for this thesis keep an abstraction layer between real insects
and simulated ones, as well as between real robots and simulated ones. Indeed, the first
simulations computes idealized optic flow, and are thus not affected by optics quality, sensor
resolution or image contrast. This way, experimental data can be analysed and modelled
regardless of sensing modalities. For the final steps of the project, more realistic visualization
are added. Although a significant part of this thesis is done through simulation, several robotic
platform were specifically designed to be capable of the manoeuvres observed in insects in
order to ease the transfer of controllers from insects to robots.

1.4 Main contributions and organization of the thesis

This thesis contributes to both biology and robotics. We perform behavioural experiments on
flying insect to model and understand their flight control strategies in cluttered environments.
We perform computer simulations of autonomous agents in order to validate our biological
models and to present them in a readily implementable fashion. We design and test flying
robots in order to assess the applicability of the proposed strategies on real hardware.

The main novelty of this thesis is the use of the location of fastest image motion for perception
and control. The presented work is articulated around the notion that locating a maximum
response in a panoramic visual field provides additional information about the environment
and about self motion, and that this information can be used to estimate the state of an agent
or control its trajectory. This notion is applied to the estimation of optic flow, to the control of
flight speed and lateral position, and to the navigation in the presence of obstacles.

The thesis is organized as follows:

< In chapter 2, we tackle insect-inspired estimation of optic flow. We present a study on
Elementary Motion Detectors (EMDs) and propose a novel method for the estimation
of optic flow using a series of EMDs. We show that optic flow is spatially encoded in the
visual field of flying insects by the location of the maximum EMD response. By relying
on the location of maximum EMD response - rather than on the numeric value of this
response —we propose an optic flow estimation method that does not suffer from the
speed tuning of the EMD, nor from its dependency to image contrast. The method is
studied through theoretical results, tested in simulation, and is implemented on a flying
robot.

« In chapter 3, we tackle insect control of flight speed and lateral position in the presence
of obstacles. We present the behavioural study and modelling of bumblebee flight in
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the presence of obstacles. The study focuses on the effect of the pooling function used
to combine optic flow measured across a panoramic visual field into control commands.
We demonstrate that, to control their lateral position, bumblebees selectively react to
the closest obstacles in front of them by locating the maximum image motion in the
frontal visual field. This departs from existing models that either consider that optic
flow is sampled at fixed locations in the visual field, or pooled through fixed weighted

sums.

In chapter 4, we tackle insect-inspired navigation in cluttered environments. We present
an algorithm for joint navigation and obstacle avoidance in a forest-like environment.
Our method uses the location of the fastest moving objects around a flying agent in
order to generate yaw saccades towards a flight direction that is free of obstacles and
that leads to the desired navigation goal. The method is tested in simulation, and we
present the design of a flying robot that allows saccadic flight without parasitic body
rotation.

In chapter 5, we summarize and conclude the thesis before discussing potential im-
provements and opportunities for future work.

11






4 Insect-inspired estimation of optic
flow

LEMENTARY MOTION DETECTORS (EMD) are well-established models of visual motion
estimation in insects. The response of EMDs are tuned to specific temporal and
spatial frequencies of the input stimuli, which matches the behavioural response

of insects to wide-field image rotation, called the optomotor response. However, other be-
haviours, such as speed and position control, cannot be fully accounted for by EMDs because
these behaviours are largely unaffected by image properties and appear to be controlled by the
ratio between the flight speed and the distance to an object, defined here as relative nearness.
We present a method that resolves this inconsistency by extracting an unambiguous estimate
of relative nearness from the output of an EMD array. Our method is suitable for estimation
of relative nearness in planar scenes such as when flying above the ground or beside large
flat objects. We demonstrate closed loop control of the lateral position and forward velocity
of a simulated agent flying in a corridor. This finding may explain how insects can measure
relative nearness and control their flight despite the frequency tuning of EMDs. Our method
also provides engineers with a relative nearness estimation technique that benefits from the
low computational cost of EMDs.

13
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This chapter is adapted from the journal publication:

[72] Lecoeur, J., Baird, E. & Floreano, D. Spatial Encoding of Translational Optic Flow in
Planar Scenes by Elementary Motion Detector Arrays. Scientific Reports 8, 5821 (2018).
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2.1. Introduction

2.1 Introduction

Flying insects like flies, bees, moths and dragonflies are well known for their exquisite flight
control capabilities. Despite their tiny brains and relatively crude visual systems, they rou-
tinely fly through cluttered environments, navigating over large distances and deftly avoiding
obstacles in their path. To control their flight, insects use optic flow, defined as the pattern
of apparent motion generated on their retina as they move through a scene [53]. Granted
sufficient image texture, optic flow measures the apparent angular velocity of surrounding
objects. For purely translational motion, translational optic flow (TOF) becomes proportional
to the relative nearness — noted - — defined here as the ratio between the flight speed and
the distance to an object [64]. Many complex behaviours exhibited by flying insects, such as
visual odometry, landing, position, speed and height control are regulated using information
extracted from optic flow (for reviews see [123, 124, 40]). Similar optic flow based strategies
have also been successfully used to generate autonomous behaviour in miniature flying robots
[15, 24, 110, 97, 45, 43], and even bio-hybrid robots [60]. Optic flow based strategies are
interesting for the development of control systems in miniature flying vehicles because they
have low computational cost and can be implemented on small platforms where constraints

in weight and computational power are important.

The Elementary Motion Detector (EMD), introduced by Hassenstein and Reichardt [56, 9], is
a well-established biological model for visual motion estimation. The model was originally
developed to account for the turning responses made by walking beetles — known as the
optomotor response —when presented with wide field yaw image motion [56] and has since
been shown to match the optomotor responses of a wide range of insects [18]. The EMD
performs spatio-temporal correlation of the signals from two adjacent photoreceptors and
requires only two low-pass filters, two subtractions and one multiplication to provide an
estimate of visual motion. This organisation is thought to exist in the early processing stages
of the insect visual system in the form of hundreds of EMD units, each taking input from
neighbouring photoreceptors around the panoramic field of view of insect eyes.

Neurophysiological studies [42, 3, 89, 50, 58, 66] have provided good evidence for the EMD
as a candidate model for motion detection in insect brains, although recent literature shows
evidence for both Barlow-Levick [10] and Hassenstein-Reichardt models [56, 9], suggesting a
hybrid implementation (for reviews see [18, 19]). Indeed, models integrating the output of
EMD arrays from a wide field of view — mimicking the tangential cells in the lobula plate of
flies [89] — have been shown to detect the direction and amplitude of ego-rotations [20, 97],
and to perform control of translational motion with simulated agents [94, 83, 33, 84, 14] and
robotic agents [48, 105, 110, 118].
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Chapter 2. Insect-inspired estimation of optic flow

One of the key features of the EMD model is its dependency on the spatial structure of the
scene [135, 38, 39, 11, 36]. Both the angular image speed tuning and the temporal frequency
tuning of the EMD form a bell shape, with a maximum response at a frequency defined
by its characteristics — namely, its integration time and interommatidial angle. While the
frequency tuning of the EMD model mimics that observed in the optomotor response to
rotational motion, strong support for the model as a basis for translational motion detection
is lacking. Behavioural experiments suggest that insects are able to use translational optic
flow to correctly estimate relative nearness independently of the spatial structure of the visual
input [123, 125, 4, 81]. This is something that cannot be derived unambiguously from the
raw EMD signals because of its bell-shaped tuning to angular speed that is not a monotonic
function. Limitations in EMD-based control of translational motion due to the drop in EMD
response at low distance from a surface, causing collisions into the surface, have also been
reported [84, 14].

Here, we present a novel approach that suggests how the output of EMD arrays could indeed
provide the basis for translational motion control in both insects and robotic agents. We
show that, although the response of a single EMD does not provide a reliable measurement of
angular image speed, comparing responses across an array of EMDs can provide an unam-
biguous estimate of relative nearness. We study analytically the response of an azimuthally
distributed array of EMDs when moving along an planar surface covered by a pattern with a
natural distribution of spatial frequencies [131, 8, 137, 115]. This surface models either large
objects on the sides of the agent, or the ground bellow the agent. We show that, when the ratio
between the speed of the agent and its distance to the surface is higher than a threshold we
call - min, the angular location of the EMD with maximum response provides an unambiguous
estimate of relative nearness. Our estimator performs best at low distance from the surface —in
cases where the raw EMD output provides ambiguous estimates of relative nearness. We then
discuss how this finding could be used for flight control, and how the model parameters could
be dynamically adapted to enhance the relative nearness estimation. Finally, the proposed
EMD-based relative nearness estimator is validated in closed-loop control of a simulated
agent.

2.2 Model

Let us consider an agent — be it biological or artificial — flying in an environment composed
of a flat surface (Fig. 2.1a). This surface could represent the ground below a flying agent, or
one of the two vertical walls of the corridors commonly used for behavioural studies of insects
and birds (for example [123, 117, 16, 80, 81, 7]).
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2.2. Model

The flying agent moves at speed V and distance d to the surface (Fig. 2.1a). Let us define the
azimuth angle " as the angle between the front of the agent and a viewing direction. We will
refer to the viewing direction ® ~ 90~ as the "lateral region" of the field of view, but this could
equally be the "ventral region" of the field of view if the surface was below the agent.

In order to mimic the properties of a real world environment, the flat surface is covered with a
pattern that contains a natural distribution of spatial frequencies [131, 8, 137, 114, 115], i.e. its
power spectrum follows a distribution of frequencies in 1/ 2 (Fig. 2.1-inset).

The eye of the flying agent is composed of a planar array of photoreceptors (Fig. 2.1b). This
plane is orthogonal to the patterned surface and it contains the agent velocity vector \9 .
Each photoreceptor points to a different azimuth angle * and has an acceptance angle ¢%.
Consecutive photoreceptors are separated by an angle ¢ *. The receptivity function of an
photoreceptor is approximated by a Gaussian window centered on ® with standard deviation

as in previous studies [120, 83, 33, 134, 95]. The acceptance angle of a photoreceptor —
noted ¢% — is defined as the full width at half maximum of the Gaussian window [68].

A series of EMDs [9, 38, 39] takes input from the photoreceptor array. The output R-, of
the EMD circuit pointed at the direction *; is given by the difference of the results of two
multiplications (Fig. 2.1b). The first multiplication is the product of the low-pass filtered
signal of the photoreceptor pointed at ~; j % and the unfiltered signal of the photoreceptor
pointed at *; _%. The second multiplication is the product of the unfiltered signal from
the photoreceptor pointed at *; j % and the low-pass filtered signal of the photoreceptor

pointed at *; ~ &~

2.2.1 Predicted steady-state EMD response

In this section we derive the expression of the EMD output value R as a function of five
parameters: the azimuth angle =, the agent speed V , the distance between the agent and the
surface d, the inter-ommatidial angle ¢ =, and the time constant ¢, of the EMD low-pass filter
blocks.

The EMD used in this study is a balanced correlator [9] composed of two linear low pass filters,
one multiplication and one subtraction. The mean EMD response to a moving broadband
image can be expressed as the sum of its responses to the individual sinusoidal components
of the image, weighted by the power spectrum of the image [36]. For a pattern containing
a naturalistic distribution of frequencies — i.e. a power spectrum in 1/f2 — the mean EMD

17



Chapter 2. Insect-inspired estimation of optic flow

Figure 2.1 — Geometry of the model.

(a): Top view of the model. The flying agent — here represented as a bee — moves along a
linear trajectory shown as a mixed dashed line. It flies at a speed V and at distance d from a flat
surface, which is covered with a pattern that represents natural spatial frequencies. The agent
sees the surface on its right. Viewing directions are defined by the angle *, with * ~ 0~ for the
frontal viewing direction, ® = 90~ for the viewing direction pointing to the right, and * =~ 180~
for the backward viewing direction. Overlaid on top of the agent is represented the array of
photoreceptors and the array EMD networks considered in this study. The photoreceptors
are aligned on a plane that is orthogonal to the patterned surface. (a-inset): Perspective view
of the model. (b): Model of the eye and array of EMDs. The eye of the agent is composed of
a planar array of independent photoreceptors here represented by five lens-like units. The
network of EMDs is retinoptically organized with each EMD taking input from two consecutive
photoreceptors. Each one of the four EMDs represented here is composed of two temporal
low-pass filter blocks (square blocks labeled ¢), two multiplication blocks (circular blocks
labeled £) and one subtraction block (square blocks labeled j).
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2.2. Model

response is thus given in equation (2.1).
R-7 —R. df (2.1)

where R! is the response of the EMD pointed at the viewing direction * for a surface cov-
ered with a pattern that contains only one spatial frequency f, i.e. a sinusoidal grating. In
equation (2.1) the integral computes summation across a range of frequencies. Note that
this does not imply that frequency summation is implemented in insect nervous system and
thus does not require additional neural computation. The frequency summation is however
needed in this study to predict the EMD response to a signal that is itself the sum of sinusoidal

components of varying frequencies.

The response Rgjn, of one EMD to a sinusoidal stimulus was derived in a previous study [39]
for the case of a rotating drum patterned on its inner surface, and is shown in equation (2.2).

-1

¢ A
~ ¢l 2si ¢
Rsin — €1°sin ZT m

(2.2)

where ¢l is the amplitude of the sinusoidal stimulus, ! is the frequency of the stimulus, , is
its angular period, ¢ * is the inter-ommatidial angle, and ¢, is the time constant of the low pass
filter.

While Rsi, was derived with the assumption that ¢1, , and ! were constant across the field
of view [39], in our case (Fig. 2.1a) they vary depending on the azimuth angle as well as
on the position and speed of the agent. Let us introduce the apparent signal amplitude
€& ~ ¢I(f,¢", ", d), the apparent angular period 0~ ,(f, =,d), and the apparent angular
frequency B~ 1(f,V). For example, the apparent angular period will decrease for increasing
distance to the wall, the apparent angular period will also be maximum for * =~ 90~ and tend
toOfor = ¥ 0"and = ¥ 180°. The expressions of &1, b and b are given below.

Apparentangular period The apparent angular period b is defined, for a given linear period
" as the angular size occupied by a complete cycle on the retina of the agent as shown
on Fig. 2.2a. It is dependent on the distance to the surface d, the linear period—"and the
viewing direction *. By posingx ~dtan( )=, xi ~dtan( ) i5,and 3 j ", we obtain

geometrically from Fig. 2.2:

-1 al

X 1
b—arctan =— jarctan — (2.3)
d d
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Figure 2.2 — Apparent angular period for varying viewing direction * and ratio between linear
period—"and distance d.

Far— " d, the small angle approximation holds true and the apparent angular period follows
a squared sinus as is expected in the case of a lateral infinite wall. However when—""d, the
apparent angular period is shorter on the side (" ... 907), and longer in front and in the back
(" ¥0 and " ¥ 1807).

Thus the expression for the apparent angular period is given by equation (2.4). The variation
of the apparent angular period across the visual field can be seen on Fig. 2.2b.

- . _/ . _—
b arctan(tan(i i") E) i arctan(tan(z i7)i 5) (2.4)

Apparent temporal and linear frequency Linear frequencies, linear periods and angular
periods are respectively noted f.—"and ,, and are respectively expressed in m*, m, and
radians. The relation between f and—"s given by equation (2.5).

f-= (2.5)

Temporal frequency ! is expressed in radians per second. In the case presented in Fig. 2.2a,
the temporal frequency does not depend on the viewing direction * and is only function of
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the speed of the agent and the linear period as given in equation (2.6).

\
b~ 2.—

.= (2:6)

Apparent signal amplitude In aviewing direction =, a sinusoidal pattern is seen with an

apparent angular period , through photoreceptors with Gaussian acceptance windows of
standard deviation Ep%. The apparent signal amplitude is the result of the convolution

of the input signal with this Gaussian window as in equation (2.7).

Al

2

& “exp j2.2

(2.7)

According to [68], in most diurnal insect species the ratio between acceptance angle and
inter-ommatidial angle is given by equation (2.8):

Cho
— ... 1.07 2.8
- 28)

From equation (2.7) and equation (2.8), we can express the apparent signal amplitude as a
function of the inter-ommatidial angle and the apparent angular period, as given in equa-
tion (2.9).

Y 2(0.45¢')211
p& 2

& ..exp (2.9)

Complete formulation and simplification We can thus reformulate equation (2.2) for our
case as equation (2.10).

1
fo 2 . ¢T A
R. ™ & sin 2...—b —1_¢2!>2

(2.10)
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By substituting equations (2.4, 2.5, 2.9) in equation (2.10), we obtain equation (2.11).

1 1
2¢- V1 i2.2(0.45¢ ")? > ¢-
Riv_c—_exp # sin (2'11)
1762V )2 (A1B) S
8
3 AT arctan(tan( i -)—Z-Q\éf)
, where
Z

B~ arctan(tan(s i ") i —z'é\éf)

The complete EMD output given by the integral in equation (2.1) and equation (2.11) is
approximated as a discrete sum by considering a finite number N¢ """ 1 of spatial frequencies
fi, as shown in equation (2.12).

Nl _
R- .. —2R_k ,where fi ™ fmin
k~0 fk

K fmax i fmin

i (2.12)

2.2.2 Values of parameters

The model was evaluated with Nt = 2000, fnin ~ 1, and fmax ~ 1000. The five parameters
¢ ¢7,d,V,and = were linearly sampled according to the values presented in the following
table.

minimum | maximum | Number of values
f 1mt 1000 m?* | 2000
é 1ms 10 ms 28
¢® | 0.5° 5° 28
d 0.05m 0.2m 49
V 0.1m/s 0.8 m/s 49
- .[24 rad /2 rad 200

Table 2.1 — Parameters values used during simulations.

The speed of the agent V was sampled with 49 different values between 0.1m/s and 0.8m/s.
The distance d between the agent and the surface was sampled with 49 different values
between 5cm and 20cm. The inter-ommatidial angle ¢ * was sampled with 28 different values
between 0.5° and 5°. The time constant ¢ was sampled with 28 different values between 1 ms
and 10 ms The azimuth angle * was sampled with 200 different values between .../24 and .../2.
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2.3. Theoretical Results

The range of spatial frequencies fmin and fmax was chosen so that they do not interfere with
the results of the study. The maximum spatial period is several orders of magnitude larger
than the length covered by the agent flying at the maximum speed during an EMD integration
time (Table 2.2). The minimum spatial period is small compared to the length covered by one
acceptance angle % at the smallest considered distance to the wall, and is thus filtered by the
gaussian acceptance angle convolution, which also avoids potential issues of spatial aliasing
[26].

> 90 (°) | dmin dmax ”T ZL (cycles/s) | Vmin | Vmax
frmin 168.58 | 136.40 fmin 0.1 0.8
frmax 1.15 0.29 frmax 100.0 | 800.0

Table 2.2 — Apparent angular period and temporal frequency for extreme parameter values.
(left): Apparent angular period , measured at * = 90~ for extreme values of distance d and
linear frequency f. (right): Temporal frequency ” at the maximum and minimum values of
speed V and spatial frequency f.

2.3 Theoretical Results

In this section, we analyse theoretical predictions of the response of an EMD array to an planar
surface covered with a natural pattern. We evaluated equation (2.12) for varying values of the
five parameters *,V, d, ¢ * and ¢, (see Supplementary Table S1). These results are analysed in
the following paragraphs.

We first show that the value of the EMD output is not a reliable estimation of relative nearness
(i.e. V/d) in that a single value of EMD output can not be unambiguously associated to a
single value of the V /d ratio. Then, we introduce the angle ““, which is obtained from the
azimuthal location of maximum output in the EMD array. We show that the angle ““ covaries
monotonically — though non-linearly - with V /d, and thus provides an unambiguous estimate
of relative nearness.

2.3.1 EMD Response Across the Visual Field

When a flying agent is moving in straight line at constant speed, in a purely translational
motion (Fig. 2.1a), translational optic flow is proportional to flight speed V and inversely
proportional to the distance to an object in the scene [64, 140]: TOF(")™ % sin(™). For the
planar surface shown in Fig. 2.1, which is aligned with the velocity vector and at a distance
d from the agent, the distance to the surface in the viewing direction * isD~- "~ d/sin(").

Translational optic flow can then be obtained geometrically with equation (2.13) which is
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