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Reverse Engineering an Active Eye

Hanson Schmidt-Cornelius

Summary

Theresearch presented in this dissertation investigates new concepts of biologically inspired active
vision systems, using high power, linear actuators. First, fundamental vision paradigms are dis-
cussed, contrasting passive and purposive active vision. This leads to physiological and historical
investigations into extra-oculomotor mechanisms and laws that define human eyeball positioning.
Based on this background, the design of amonocular extra-oculomotor robot is devised that com-
bines a parallel architecture, static balancing and opposing actuation. This design is then imple-
mented, resulting in the construction of an experimental active eye environment. The mechanical,
electrical and software development phases are discussed.

The unique control and mechanical properties of the active vision system here necessitate
a range of low level control agorithms that are normally not required for conventiona vision
systems with stepper, servo or direct drive motor control. Three biologically based control models
are used to form the basis of arange of adaptive control models that are tested on the experimental
environment of the mechanical eye. The controllers developed here perform similar operations to
those expected from the control layers of biological vision systems. This is especialy the case
for the neural control model of the superior colliculus, which has not been tested in the context of
such an environment before.

Experimental results show that this new approach to artificial active vision systems is vi-
able, replacing position controlled actuation with dynamic mechanisms, regulated by adaptive
controllers.
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Chapter 1

| ntroduction

To most people, the eye would mean ahuman eye, and in the context of this dissertation, references
to biological eyes will mean a human or other mammalian eye. However, it has to be stressed
that there is arich diversity of natural eyes with many different architectures. It is outside the
scope of this research to cover these eye systems, but Land and Nilsson [70] have published a
comprehensive introduction to this field.

Mammalian eyes can be pointed in different directions by contractions of anumber of muscles.
In humans one distinguishes between two main types of eye movement strategies. saccades and
smooth pursuit. Investigations into the behaviour and control of these movements have utilised a
wide range of techniques, such as. the observation of controlled eye movement tasks, the mea-
surement of brain activities, the simulation of possible eye positioning control strategies and the
development of physical active vision systems on which eye control strategies can be tested. As
aresult, the physical behaviour of the extra-oculomotor system has been fairly well specified but
the control structures that underlie the control of this system remain relatively unexplained.

1.1 Orientation

The contents of this dissertation are unashamedly diverse, due to the complex nature of active
vision research. During the investigation of artificial active vision, much research has focused
on the development of gaze control algorithms that control artificial active vision systems. The
interface between gaze control and active vision platforms has usually been fairly straightforward,
as highly engineered mechanics allow a high degree of feedback independent repeatability and
positioning precision. Although such systems can show minor signs of fatigue and performance
degradation, the effects are often negligible and not nearly as dramatic as the degree of fatigue that
can be experienced by biological systems. The extra-oculomotor system, in particular, fatigues
very quickly and recovers again, resulting in constant performance fluctuations. Biological vision
systems are, however, able to adapt to these changes, without individuals being significantly aware
of fatigue or a change in performance.

It is a fact of research that not al artificia active vision systems are designed to simulate
aspects of biological vision. Even in the cases where biological vision is to be simulated, it is
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often questionable to what degree artificial vision platforms really do represent good models of
biological systems. This problem is not so much apparent with high level gaze control strategies
for smooth pursuit or saccadic movements, but with low level control mechanisms that are neces-
sary to interface between gaze control and the vision hardware. In most artificial vision platforms,
gaze control instructions can normally be directly converted into motor control commands that
reliably place vision systems into a predictable position. As the human extra-oculomotor system
has fluctuating positioning properties, high level gaze control either needs to be able to adapt to
the dynamics of these changing properties or interface with low level control mechanisms that
provide a predictable position control to higher level control mechanisms. This may appear to be
asubtle problem, but it can have a significant impact on the control of active systems. The widely
accepted use of highly engineered systems puts high requirements on the electrical and mechani-
cal properties of active vision systems, but neglects the fact that software can be implemented to
interact dynamically in changing situations.

1.2 Aimsand Motivation

The research aims to explore aspects involved in designing and building artificial active vision
systems with changing positioning accuracy. For this, it is necessary to approach artificia active
vision from an entirely new direction and rethink current design philosophies. Thiswill inevitably
raise the performance requirements of other components within the active vision system. In par-
ticular, there will be greater demands and new requirements on adaptive control issues that are
involved in operating such systems. For example, the question of feedback requirements will
arise. |Is feedback required? If so, what type of feedback? This investigation is undoubtedly a
truly interdisciplinary challenge but necessary to convey the potential problems and capabilities
that are expected to be present in a mechanically changing system. Thiswork is expected to con-
tribute novel design paradigms to the field of artificial active vision, both on the hardware and
software level. Results are also expected to show that such alternative approaches to active vision
can result in systems that use less accurate hardware, are cheaper to build and possibly just asreli-
able as conventional active vision systems. The following points list the main motivations behind
the work conducted here:

e One of the most successful active vision systems in the world, the human extra-oculomotor
system, uses a fatiguing and recovering vision platform. It may be possible to use ob-
servations of such a system to design and build an artificial vision platform with similar
properties.

e If it is possible to develop an artificial vision system with cheaper and less reliable com-
ponents that have biologicaly plausible properties, like the ability to fatigue and still be
similarly or equally effective as systems developed to high engineering standards, this may
mark the beginning of a new generation of artificial vision systems. This may be of partic-
ular interest for high volume systems with short life cycles.

e The control issues involved in operating low accuracy active vision systems have been
shown to work in biological vision, but certain issues have not yet been explored in the
control of artificial active vision systems. This could open a new approach to active vi-
sion control and further the understanding of biological control concepts within the human
oculo-motor system.
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These are indeed very motivating new areas that could revolutionise the devel opment of active
vision platforms in the future and further existing knowledge about biological control systems.

1.3 Key Concepts

One of the primary advantages of developing a physical artificial active vision platform is that it
can interact with the real world. For the application of active vision, thisisa particularly important
factor. 1t may be possible to simulate many aspects of abiologically inspired active vision system,
but one would certainly run into problems no later than when an attempt was made to test real
world images, requiring interaction with the system. During the development and the investigation
into building the vision system, it is necessary to focus on key issues within the research field of
activevision. Asthe artificial active vision platform designed here isinspired by nature, biological
plausibility must be akey point from which to develop the new system. Thisraises the necessity to
find ameans by which observed properties of the human extra-oculomotor system can betranslated
into design requirements for anew vision system. The system cost will also play a significant role
as the budget is limited. This aso links back to the motivation of developing a cheap active
vision system with good performance capabilities. As the system design will be heavily based on
anatomical findings, it may be envisaged that the electrical control should also use a biologically
plausible approach. The software control could also take account of this fact. For some control
paradigms it may even be easier if activation-potential control mechanisms existed in the system.
Some interesting control concepts originating from biological research may literally just “plug”
into the active vision system.
The following list outlines the stages of the research:

e Investigate what anatomical properties of the human extra-oculomotor system could be
utilised to develop an artificia active vision platform. These properties should then form
the foundation on which to base the requirements specification for the artificial vision sys-
tem.

¢ Design and build an artificial active vision platform, based on the requirements specification
extracted from the anatomical properties of the human extra-oculomotor system.

e Develop atargeting system that produces unambiguous, visual target patterns, which can be
controlled precisely and executed repeatedly. This will alow the objective comparison of
low level control algorithms that are responsible for positioning the camera.

¢ Implement a development environment that allows control algorithms to be designed, im-
plemented, tested and eval uated.

e Ultilise existing research and develop new control algorithms that can be tested in the exper-
imental environment.

e Study the behaviour of the hardware and the controllers and investigate their interaction in
the controlled environment.

¢ |ntegrate established high level gaze control algorithms that can interact with real world data
and the low level controllers of the experimental active vision platform.
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1.4 Outline of the Dissertation

This dissertation is organised as follows:

Chapter 2 reviews fundamental concepts of passive and purposive active vision and then leads
into the mechanisms used in active vision, such asfoveation, gaze control, stereo and colour vision.
The human and artificial active vision systems are then covered in separate sections.

The four key components of the human vision apparatus are introduced and discussed, these
are: the eyeball, the protective apparatus, the extra-oculomotor apparatus and the visual pathway.
The extra-oculomotor apparatus and the visual pathway are introduced in greater depth, leading
into key areas of the dissertation. This covers, in particular, the movement of the eyeball asaresult
of muscle control and the muscle contraction, stimulated by neural control.

The artificia active vision discussion introduces fundamental mechanical design paradigms,
such as. the common-elevation model, the independent gun-turret model, parallel architectures,
serial architectures and types of actuation. Thereafter, five active vision systems are introduced and
categorised by parallel / seria architecture and monocular / stereo vision. The control of artificial
active vision systems is then discussed for established controller approaches. This includes finite
state machines, neural networks and control theoretical architectures.

Chapter 3introduces the design and construction of the new artificial active vision system and a
laser targeting system that produces arepeatable target sequence. The design of the vision platform
is based on physical properties of the human eyeball and extra-oculomotor system, discussed in
chapter 2. The design properties include static balancing, a parallel architecture and opposing
linear actuation. The hardware control of the vision system is also based on biologicaly plausible
concepts, where activation potentials cause muscles to contract. The mechanical components
are then selected, based on the design requirements. Solenoids provide non-position controlled
linear actuation, hydraulic shock absorbers provide linear damping to the solenoids and a gimbal
provides a moving platform for the camera. The electrical control isimplemented by pulse width
modulation (PWM), which allows the simulation of muscle control by activation potentials.

The laser targeting system provides accurately positioned laser targets on a projection screen,
controlled by surface reflective mirrors mounted on stepper motor reduction gear drive shafts. The
performance of the mechanical systems are tested at the end of the chapter.

Chapter 4 introduces the four software levels that control the active vision system and the
simulator of the experimental environment. The implementation level enables the development
of gaze controllers, laser target test patterns, low level camera control algorithms and timing con-
figurations for the experiments. The interface level is the interface to the hardware control and
the simulator. In this level there is aso a parsing facility for the analysis of experimenta data.
The control level contains the simulator and the programs that interface with the device driver
level. The device driver level contains the lowest level software components that communicate
directly with the robotic hardware. At the end of the chapter, tests are carried out to validate the
performance of the simulator.

Chapter 5 discusses the low level controllers that regulate the positioning of the active vision
platform. There are three controller categories. The benchmark controller assesses the perfor-
mance of laser target controllers. The following non-adaptive and adaptive controllers perform
camera control by utilising an error measure, provided by a negative feedback loop. These con-
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trollers are introduced in a progressive manner, starting with simple structures and progressing
into sophisticated mechanisms that switch between control paths in response to changing target
behaviours. Thefinal controllers discussed in this chapter are based on a neural network model of
the superior colliculus.

Chapter 6 assesses the performance of the hardware and the controllers discussed in the pre-
vious chapter. The hardware is compared to the five vision platforms discussed in chapter 2. The
laser target control patterns are then introduced and their performance is assessed by the bench-
mark controller. All other controllers are evaluated thereafter, using an error graph representation.
The convergence of the neural networks is also illustrated by graphically plotting the location of
neurons in the network and the associated activation weights. The results of this chapter show
that simple controllers can be developed to control vision systems, like the one developed here,
that perform saccades, pursuit and even switch between these modes. The hardware also shows
performance results that are comparable with similar systems.

Chapter 7 presents the main contributions and limitations of this dissertation. It also suggests
possible directions for future work and summarises this dissertation.



Chapter 2

Vision Systems

Vision is amultidisciplinary science and many areas of research are dedicated to understanding,
simulating and implementing it. This leads to fundamental questions, such as the ones asked by
Aloimonos [3]: “what is vision”, “what could vision be” or “what should vision be’. These are
important questions to which each field of research may have its own valid answers. Marr [77]
investigated the first two questions in particular, concentrating on the human vision system. He
advocated an approach in which a computational theory specifies what expressions exist in sub-
processes of human vision, such as stereo and model matching. The human vision system is by no
means general [56, 65], but is specifically adapted to certain tasks and the environment it interacts
with. Thelast question: “what should vision be” leads much of the investigation into what type of
biological or robot vision is most appropriate for a specific task. The physiological literature cov-
ers biological vision systems in great depth and explains many of the components and processes
involved in biological vision. The investigation into the operation of the human visual system has
attracted particularly wide attention. Thisis possibly due to the apparent medical benefits that are
gained by understanding the system, because of our close relationship and personal interest in it,
or because it isaparticularly good example of ahighly evolved vision system [127]. Theliterature
on robotic vision systems is very diverse and constantly introduces new mechanical designs and
increasingly powerful control systems.

This chapter introduces a physiological view of the human eye and contrasts its properties with
the technology of available robotic vision systems. This comparison shows some similarities,
but also highlights properties of the human eye that are obviously not present in robotic vision
platforms. The development of more biologically inspired artificial vision systems may, in the
future, help to further the understanding of human eye control and the development of cheaper,
faster and more reliable robotic vision platforms.

2.1 Active and Purposive Vision

There are fundamentally two categories of artificial vision systems. Passive and Active Vision.
The physical difference between these two system types can be simply defined as follows:
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Passive Vision
“The typical property of passive vision is that the observer is not capable
of choosing how to view the scene, but is instead limited to what is offered,
determined by present visual parameters and environmental conditions, including
time sampling.” [3], p4

Active Vision

“Active Vision refers ... to strategies for observation. As Aloimonos et al. [4]
explain in their seminal paper, it is the observer that is active. Rather than pro-
cessing snapshots, or sequences of snapshots treated individually, the observer
and sensor continually interact. Visual sensory datais analysed purposefully, in
order to answer specific queries posed by the observer. The observer constantly
adjusts its vantage point in order to allow the sensor to uncover the piece of in-
formation that isimmediately most pressing.” [18], p Xv-xvi

Even though the physical differences between passive and active vision are simple, the impli-
cations for the way in which images are processed and the way limbs / robotic actuators and eyes
/ cameras are controlled, is significant. Whereas the passive observer is constrained by the data
presented, the active observer can choose what to observe, in order to fulfill atask [31, 36, 64].
This enables the active observer to solve vision problems in amore efficient way than can be done
by a passive observer. Aloimonos, Weiss and Bandyopadhyay [4] showed that the problems of:
shape from shading, shape from contour, shape from texture and structure from motion have many
solutions for passive observers and unique solutions for active observers. This assumes that active
observers utilise active vision appropriately for the specific vision problems.

So active vision may be able to solve problems that are unsolvable for passive vision, but
what is the cost? The control of an active vision system must require additional computational
resources. However, if the control of camera systems and image processing were coordinated and
it were possible to devise systems and strategies that are capable of selectively focusing the active
observer's attention, it may even be possible to reduce the overall vision processing cost, compared
to the cost of passive vision. This concept isindeed applied and leads to purposive vision.

“Purposive vision does not consider vision in isolation, but as part of a complex
system that interacts in specific ways with the world. It isimportant to note that if the
visual system knows what kind of information is needed and what it will be used for,
this permits the system to alter its interaction with the world dynamically in order to
make this information more easily available” [3], p5

A property of the human vision system, known as the fovea, allows image features to be
observed and processed selectively [39, 90]. This small area of maximum resolution vision is
moved around the world under control of an elaborate gaze control system, reducing the need to
process images that have an evenly distributed resolution. Some areas of active robotic vision
also take advantage of foveated image processing, to reduce computational resource requirements
[16, 45, 62, 75, 106, 117, 128, 130]. These approaches are varied and range from image trans-
formations to specialised optics and imaging chips, but the selection of where to look does still
present problems. Foveal vision is only one imaging mechanism in humans that enables visual
attention to be focused and image processing and understanding to be optimised. Other examples,
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such as stereo [33, 35, 41, 118] and colour vision [49, 50] have been shown to help image depth
interpretation and object identification.

Active vision appears to have certain advantages over passive vision, supported by the evi-
dence of millions of successful biological organisms that use active vision to interact with their
environment. However it remains to be determined what the key properties of active vision sys-
tems are, since there are multiple ways in which attention can interact in active vision systems.

2.2 Biological Vision

It would be an enormous task to investigate the operational components of al known biological
active vision systems, due to their rich diversity and often complex nature. For this reason, the
focus is on one vision system that has been examined in depth for many centuries; the human
eye. Itiscomplex and still not fully understood, with many unanswered questions remaining to be
investigated. Thisresearch searches for awider application of current knowledge about the human
vision system, rather than concentrating specifically on these unanswered questions.

According to Kronfeld [59], the human vision system can be broken down into four logical
components. The eyeball, the protective apparatus, the motor apparatus and the visual pathway.
The eyeball is three layered, approximately spherical and houses the optical apparatus. Thisin-
cludes the clear front part of the eyeball, know as the cornea, the iris which controls the aperture,
the crystalline lens which focuses images and the retina, onto which images are projected. The
protective apparatus, known as the antechamber serves two purposes. It protects the eye from
mechanical damage and creates an optimal milieu for the cornea. The eyelids form the outer part
of the antechamber. The following investigations do not look at these components of the eye in
any more detail. It is assumed that the eye produces images and is sufficiently protected against
external damage. The motor apparatus and visual pathway, on the other hand, are of great interest
to this research and are discussed in more detail. Their function is covered in the following two
subsections.

2.2.1 Motor Apparatus

The healthy human vision system is equipped with a pair of eyes where the anatomy of one eye
forms a near mirror image of the other eye. This symmetry allows most properties of eyes to be
discussed by investigating one eye in isolation.

The motor system of an eye consists of muscles which individually contain very thin muscle
fibers and simple spiral sensors. The muscle fibers show varying electrophysical characteristics
and are categorised into twitch and tonic fibers [89]. The twitch fibers show non-graded, pulsile
activity and the tonic fibers show non-pulsile activity with agraded contraction. The spiral sensors,
known as spindles are richly supplied in the extra-ocular muscles and provide feedback on the
degree of muscle contraction [7]. All six muscles of the extra-oculomotor system contain twitch
fibres, tonic fibres and spindles. These muscles are attached to the outside of the eyeball and
control the rotation position of the eyeball within the eye socket. They are the medial rectus,
the lateral rectus, the inferior rectus, the superior rectus, the inferior oblique and the superior
oblique muscles. The medial rectus rotates the eye in the horizontal plane nasally and the lateral
rectus rotates the eye in the horizontal plane temporally. The inferior rectus primarily depresses
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the eye vertically and the superior rectus primarily elevates the eye vertically. The inferior and
superior rectus muscles also produce oblique rotation and torsiort. For a given muscle, the terms
primary and secondary action are used to classify these components of movement, depending on
their relative magnitude. The inferior oblique muscle produces extorsion and the superior oblique
muscle produces intorsion. Their tonus compensates for the oblique movement and torsion of the
inferior and superior rectus muscles. It has been shown [5] that even simple eye movements, such
as saccades in the horizontal plane, rely on a controlled interaction of al six muscles.

The extra-ocular muscles can accurately position the eyeball to a small fraction of a degree
when stabilising images on the retina, and can be very slow acting when pursuing targets or can
move ballistically during saccades. During pursuit movements the eye tends to rotate at the speed
of the target, reaching velocity saturation at 25 /s to 30°/s [100, 131]. Tracking above 30°/s
becomes increasingly inaccurate and leads to oscillations and saccades [20, 91]. Saccades are
high velocity motions of the eyeball and are executed by very fast acting muscle contractions of
the extra-ocular muscles. These are in fact the fastest muscles in the human body. According to
Fuchs [43] and Robinson [99], the average horizontal 5 saccade takes 30ms to complete, with an
increase of 2ms for every extra 1°. They propose that this linear relationship holds for saccades
up to 80°. A range of individuals has been studied and the literature shows a high variation in
peak rotational velocities of the eyeball. These lie in the range 350 /s to 900° /s for healthy eyes
[10, 14, 28, 34, 36, 43, 58, 71, 93, 134]. This wide range of observed peak saccadic speeds and
results from Becker [14] suggest that the linear approximation is inaccurate. It has been shown
that this linear approximation actually exhibits inaccuracies with increasing deviations towards
the upper and lower end of the saccadic amplitude range. Other approximations have been for-
mulated to describe these extreme areas more accurately. The contraction speed of extra-ocular
muscles does not only deviate between individuals, but also between individual muscles of the
extra-oculomotor system. Thisis especially the case for the inferior and superior rectus muscles.
An anatomical reason can be found in the non-symmetric architecture [115] of the oculomator
system, but there are also other influences that cause short term fluctuations in the performance
of muscle contractions. Fatigue has a significant influence on performance and can occur after
only short periods of increased muscle activation [10, 14, 57, 125]. As few as 30 saccades with
a magnitude of 50° are sufficient to cause measurable fatigue. The symptoms are lower saccadic
velocity, widely undershooting saccades and longer durations between eye positioning. Fatigueis
one factor that may beimplicated in the wide range of peak eye velocities that have been measured.

It is remarkable that the arrangement of six muscles is capable of high speeds and precise low
speed eyeball positioning. This performance is especialy astonishing, considering that the muscle
performance is constantly subject to change. The ability to maintain afairly even eye positioning
capability requires a control system that is capable of monitoring and rapidly adjusting to changes
of the extra-oculomotor system.

1«Rotations around the line of sight (i.e., torsion) are classified as intorsion or extorsion as the top of the vertical
corneal meridian moves nasalward or temporalward respectively.” [5], p33
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2.2.2 Visual Pathway and Oculomotor Control

Large regions of the brain are devoted to visual analysis, interpretation and understanding. Much
of thisinformation is required to conduct purposeful tasks, such as playing table tennis, driving or
reading text and music [25, 66, 67, 68, 69, 108, 111]. Asaresult of high level processing, the eye
can be instructed to perform purposive active tasks, such as foveating on an anticipated location
of a ball, or following a fixed point on the road. The eye can also be controlled by reactive
processes that are similar to reflexes. The central mechanisms that control eye movements are
complex and incompletely understood, but some of the brain regions involved in these tasks have
been identified as the cerebellum, the inferior olive, the parieto-occipital junction, the vestibular
system, the superior colliculi, the lateral geniculate nuclei, the motor nuclei of the extra-ocular
muscles and the reticular formation [27, 127]. There is no consensus on what information and
control is processed in each of these regions, but it is assumed that cortical regions of the brain
are engaged in eye movement. The frontal cortex is apparently related to saccadic movements
[99]. The occipital cortex is more related to smooth pursuit movements [100]. The investigation
of detailed control processes in the brain is very difficult, due to the limitations of techniques
currently available. It is possible to detect brain regions which exhibit changes in activity, as a
result of some stimulus, but it is currently impossible to determine the exact neural processing
that takes place in most of these areas. The brain istoo complex, dense and highly connected to
allow large regions of neurons to be monitored individually. It isoften not necessary to understand
the detailed operation and interaction of connected neurons to identify control processes in the
brain. Infact, most of the high level control processes are not understood at aneural level, but are
often represented as black boxes that exhibit specific behaviours. Lower level control processes,
on the other hand, are often easier to examine from a neurological point of view, as they are
either controlled by fewer neurons or by regions of the brain that exhibit a uniform arrangement
of neurons.

Here the investigations only address control processes from ahigh level and in isolation, with-
out deep neurobiological discussions of brain regions that are believed to cause specific reactions
and behaviours. The focus isin particular on processes that are of direct relevance to future in-
vestigations within the context of this dissertation. Individual black box behaviours and neura
arrangements are addressed which represent widely accepted models within the research commu-
nity. This also means that the neural pathways and interactions between behaviours and reactions
are omitted. The vergence control system [101] that enables active depth perception is also not
discussed. Processes which influence the control of the extra-oculomotor system and interact with
other areas of the body are also not covered. Thisis, for example, the case with the vestibulo-
ocular reflex (VOR) [9, 71, 101], which coordinates head movements with eye fixation, or the
otolith reflex [113], which generates ocular counterrolling when the head is tilted towards either
shoulder.

Parametric Feedback

In the previous subsection it was established that the performance of the extra-oculomotor system
can fluctuate under fatigue. A compensatory mechanism, know as parametric feedback [7] isin
place that measures the muscle extension through spindles and feeds signals back to motoneurons
that participate in the control of muscle contractions. It is also assumed that the cerebellum [23]
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participates in this control mechanism and acts as a sampler between the input from the spindles
and the output to the motoneurons. This mechanism provides load compensation [51] and main-
tains a constant muscle length under varying muscle load. Our mind is not apparently consciously
aware of the feedback mechanism [127] and absolute eye position [7]. This proprioceptivé sys-

tem not only provides compensatory control, it also helpsin providing alinear control relationship
between nerve impulses and eye positioning [34, 39].

Eye Positioning Laws
Alpern [6] discusses the definition of pseudotorsion, first observed by Donders in 1848 and later
defined by Helmholtz as Donders' law. Donders generated a green + afterimage, produced by
staring at ared + for a prolonged time. He then looked at a screen in front of him and observed
that the + tilted when he looked at top right, top left, bottom left and bottom right positions of the
screen. He also found that the degree of tilt was relative to the magnitude of horizontal and ver-
tical gaze. Donders was not able to explain this phenomenon at the time, but Listing, Helmholtz
and others developed the necessary equations [113]. It was found that pseudotorsion is not caused
by rotation of the eyeball around the line of sight, but by the fact that the horizontal and vertical
retina meridians do not coincide with the horizontal and vertical linesin space. Helmholtz defined
Donders' law as:
“Der Raddrehungswinkel jedes Augesist bei parallelen Blicklinien eine Function

nur von dem Erhebungswinkel und dem Seitenwendungswinkel.” [38], p158
Trandated, this means. “ The rotational angle of each eye with parallel lines of sight is afunction
of only an elevation angle and arotation angle.”

Figure 2.1: Ophthalmotrope developed by Donders in 1870 to illustrate Donders’ law. A gim-
bal suspension is used in this model to make the pseudotorsion visible. The ophthalmotrope is
equipped with a camera obscura to obtain images of scenes viewed. This instrument is now ex-
hibited in the museum of the former Roya Netherlands Ophthalmic Hospital in Utrecht.

2Sensor stimulation that arises from within tissue.
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Listing, in particular, described a mathematical model that assumes two rotational axes which
pass through the rotational centre of the eyeball and form an imaginary cross, perpendicular to the
line of sight [113]. He also showed that it was possible to start from a fixed position and define
two rotational angles that bring the eye into any other valid position [6]. Listing's law holds for
vergence control with targets at a constant distance, smooth pursuit and saccadic movements. The
law is violated during VOR, otolith reflex and vergence between targets at different ranges [6].
Porrill [92] compared a detailed theoretical model of the extra-ocular muscles with Listing posi-
tions and found a reasonable accuracy over arange of £30. In 1870 Donders [38] implemented
a mechanical model that illustrates Donders' law and, in particular, emphasises the presence of
pseudotorsion, figure 2.1. It uses a gimbal suspension to make the pseudotorsion visible. This
model does not confirm exactly to the positioning rules, but Listing positions can be reached by a
number of transformed angular rotations. [38, 113].

Saccadic Movement

Saccades are believed to be triggered in several regions of the brain, such as the visual, parietal
and prefrontal cortex aswell as the superior colliculus, the cerebellum and the reticular formation
[107]. Saccades can be triggered as voluntary movements, resulting from planned responses or
memory cues, or as reactions to an external stimulus, such asvisual or auditory influences [36, 44,
93].

From a neurological point of view, the superior colliculus presents arather interesting config-
uration which is a'so well understood [24, 27, 44, 98, 127]. It is a sheet of multilayered neurons
that is located in the upper region of the brain stem. The neural arrangement is separated into the
upper and lower layers, which are know as the retinotopic map and motor map respectively.

“The relation between the location of receptors on the retina which are, e.g., ex-
cited by asmall light point, and the place of neurons in the upper layer of the superior
colliculus that are simultaneously excited, is continuous and topology conserving.
Thisimplies that atopographic sensory map from the retinato the ... retinotopic map
isrealised.” [98], p142

In contrast, the lower layer provides sensory locations that are essential for saccadic control. Lo-
cations in this layer correspond to saccadic changes in view direction that can be triggered by
exciting neurons at the corresponding locations. The excitation can be artificially created by in-
serting electrodes. Experiments have shown that the direction and magnitude of the saccades
invoked are not intensity dependent, but depend on the location of excitation in the motor map
[103].

The upper and lower layer of the superior colliculus lie on top of each other, so that local
excitations in the retinotopic map are passed to adjacent receptors of the motor map. This means
that an excitation in the upper layer, caused by alocalised stimulus on the reting, is passed to the
lower layer, resulting in oculomotion that leads the fovea to the location of the original retinal
stimulation. This neura correspondence led Robinson [103] to formulate a hypothesis, referred
to by Burdess and Ritter [24, 98] as the foveation hypothesis. This states that the connections be-
tween the retinotopic and motor map of the superior colliculus serve to create saccades that centre
the object of interest in the fovea. As the physiology of the body changes [44, 53, 73, 80], the
control of saccades by the superior colliculus becomes inaccurate and needs to be adjusted. The
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cerebellum, apart from many other functions [27, 76], is assumed to be involved in this motor
learning and can adapt as the anatomy of the body changes. This controlled learning is influenced
by sampling information from the superior colliculus and other regions involved in saccadic con-
trol. If asaccade isfound to be inaccurate, ateaching signal is sent from the inferior olive [44] to
the cerebellum, in which weights are adjusted that influence the control of saccades.

Apart from neurological analysis, the saccadic system has been subject to deep control theo-
retical investigations, and is broadly considered to have four components [14]:

A sensor that measures an error between the target position and the eye position in space.
A controller that converts the input error into a motor command.

A plant which executes the motor command and produces the eye position.

A WD

A negative feedback loop that reflects the error between the target position and the eye
position.

The four listed components and the design of control theoretical models for the saccadic system
have evolved over time, in step with increasing knowledge about the control of eye movements. In
1963 Young and Stark [132, 133] proposed a dual model in which the saccadic system was based
on retinotopic feedback. This and similar models [43, 115] assume that the retina determines the
error between the target position and where the eye is pointing, in order to instruct the muscle
control system to send signals that minimize this error. Later Robinson [104] formulated the
local feedback concept of saccadic generation, which rejects the retinotopic scheme and assumes
atarget copy that is used to drive the eyesto the target of interest. Thiswould also allow saccades
to be executed in the dark or as a result of auditory stimuli. A number of authors have since
elaborated on this model and proposed modifications in line with recent neurological findings,
although the basic concept of local feedback remains. Scudder [110] updated Robinson’s original
model and integrated control components from other parts of the brain that are assumed to be
involved in saccadic eye movements. Becker [15] investigated the saccadic control system with
respect to the obligue muscle control and derived two plausible control models.

Smooth Pursuit

The control of smooth pursuit is believed to be afairly recent evolutionary addition to the move-
ment capabilities of the eye. It is widely agreed that the main centre for smooth pursuit tracking
resides within the parieto-occipital junction [23], but its origin is still unclear [91]. It is assumed
to have originated either from the optokinetic system or from a stabilisation system. The neural
control of smooth pursuit also remainswidely unsolved. Until 1968 it waswidely believed that the
smooth pursuit tracking system, similar to the saccadic system, isintermittently sampled. Brodkey
and Stark [20] showed that smaooth pursuit isin actual fact continuously sampled.

“The velocity of atarget in space is registered by mechanisms in the visual path-
way, and relayed to the oculomotor brainstem ..., where the velocity signa is inte-
grated neuraly into an eye position signal. The position signal is then combined with
the velocity signal, and this combination is sent to the extra-ocular muscles.” [91],
p139
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Itiswidely agreed that the stimulus for pursuit isdirectly related to target behaviour and is strongly
influenced by target position and target velocity [94, 131]. More recent investigations also sug-
gest that acceleration plays a role in the control of smooth pursuit [91]. Attempts to move eyes
smoothly, without such stimuli, result in a series of small saccades. Control theoretical black box
controllers have been developed that are suggested to be part of the smooth pursuit system.

Stark and Young's pioneering dual model [132, 133] aready mentioned in the context of sac-
cadic eye movement also implements a control path for smooth pursuit. Stark [115] contrasted
the pursuit path of his dual model with work by Murthy, Deekshatulu and Foster, who had imple-
mented continuous smooth pursuit controllers. Stark agrees that there is evidence to confirm that
the sensory system takes information in continuously and the motor system is capable of produc-
ing a continuous output, but he stresses that it is not known whether the neurological controller
samples intermittently or continuously. Fuchs[43] combined the dual model with the pursuit con-
troller by Foster. His representation shows the redundant, sampled control structure and highlights
the revised continuous addition. Other models [23, 95, 131] also contain continuous control paths,
but apart from models that view smooth pursuit as one entity, other approaches [26, 91, 102, 126]
explore individual behaviours within the smooth pursuit system. In particular, these newer control
approaches take into consideration not only target velocity, but also target position.

2.3 Machine Vision

Early attempts of machine vision aimed at developing systems for general purpose vision. The
approach wasto extract as much information as possible out of one or anumber of scenes, captured
by cameras mounted in fixed locations [114]. Although this research resulted in the devel opment
of interesting new algorithms, the systems were not robust (see section 2.1).

Over the last fifteen years, machine vision has witnessed a remarkable shift from passive to
active systems, with the development of new algorithms, new image acquisition systems and a
tremendous increase in computer power [3, 4, 81]. Thistransformation saw adecline in bulky fixed
systems and the emergence of smaller systems and autonomous agents that are able to use vision
asameans to interact with the environment. Similar to biological agents, these artificial agents are
able to move around their environment, perceive objects, instruct actuators to manipulate objects
and develop maps that help them to plan actions and return to visited locations.

Even though active machine vision isafairly recent science, the advances are remarkable. The
following two subsections ook at some of the capabilities and advances in thisfield. Thefocusis,
in particular, on components that are directly involved in active vision, such as camera systems,
image representation and the algorithms that control the visual interaction process. Manipulators
and platforms that enable agents to move through and change the environment are not covered
here.

2.3.1 Active Vision Platforms

The hardware design of artificial active vision systems is very diverse and utilises a range of
technologies, depending on the task the platforms have to fulfil or the capabilities that are to be
investigated. A range of design concepts and hardware architectures are introduced here that can
be found in many systems currently available.
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In the following context, the terms tilt, vergence and pan are used to refer to movements that
can be performed by the vision systems. The platforms described here have unambiguous tilt
axes and it is sufficient to use the term tilt to refer to vertical movements of the platforms. The
horizontal movement of cameras hereis platform dependent. Theterm vergence isused to describe
the horizontal movement of individual cameras that are part of a stereo vision system. The term
pan is used to refer to the horizontal movement of stereo vision heads that have cameras, which
are individually capable of vergence movements. Pan is also used to refer to monocular cameras
that have only one rotational axis that enables horizontal movements.

One of the simplest active vision systems consists of a camera that is capable of pan and
tilt movements, similar to many of the police surveillance cameras that can be seen in public
areas. Such monocular camera platforms form the basis for stereo vision systems, and it is an
obvious progression to mount two monocular cameras next to each other in order to build a stereo
system. One distinguishes between two types of stereo head configurations. The first model,
shown in figure 2.2a is known as the common-elevation configuration where both cameras have
individual vergence capabilities and a common tilt platform. The second model, shown in figure
2.2b is known as the independent gun-turret configuration where both cameras have independent
vergence and tilt capabilities. Murray [84, 112] suggests that there are no extra benefits to machine
vision in using one architecture over the other one.
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Figure 2.2: Two common stereo head architectures. (a) the common-elevation model and (b) the
independent gun-turret model. (Redrawn from Murray.)

The movement of cameras, on monocular or stereo platforms, is generated by actuators that
apply aforce between two or more kinematic links. A widely used configuration known asaserial
architecture has proven to be very successful, due to the straightforward design, simple kinematic
models and reduced problems with singularities. Such serial architectures are categorised by a
chain of actuators that act upon kinematic links [47]. An inherent problem with this architecture
is that the weight of actuators and links higher up the kinematic chain are moved and carried by
actuators lower down the chain. Thisleads to potentialy less stiff structures and can require larger
actuators at the bottom of the chain. Serial systems are not the only way to build vision systems, in
fact biological vision systems, such as the human eye uses a parallel architecture. Such systems
arewidely characterised by severa actuators connecting from abaseto an end platformin parallel.
This makes the systems more rigid, more compact and allows a more accurate and faster perfor-
mance. This architecture is not widely used in artificial active vision systems as the mechanics
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are often complicated to design, have complex singularities and often difficult kinematic models
[21, 47, 48]. Parallel architectures do aso not scale up well for the implementation of stereo vision
heads. 1t would be very hard to design a parallel architecture stereo vision head that was capable
of tilt, vergence and pan movements, although a parallel architecture head with tilt and vergence
capabilities does exist [116].

“The penalty of having a parallel architecture is that it makes the device more

complex. Indeed, adding a fourth degree of freedom, a globa pan (neck) joint, and
till keeping to the parallel drive architecture would be challenging.” [116], p6

A combination of serial and parallel architectures is more feasible and has aready been
demonstrated in nature, i.e. the human eyes and head movement. Artificial active vision stereo
heads are still widely based on serial architectures [16, 29, 60, 61, 74, 112].

The actuators used in parallel or seria architectures, such as stepper motors, direct current
(DC) and direct drive motors, usually have a defined positioning resolution. They apply move-
ments to the kinematic links of the active platforms, either through direct connections, gears, belts
or other means of passing on activation forces. The fixed resolution allows cameras to be repeat-
ably positioned in defined locations, without requiring any sensory feedback. Camera positionsin
space can be derived through the kinematic model, which presents a mathematical representation
of the camera platform kinematics.

The performance of active vision systems varies considerably from one platform to another,
depending on the intended application, resulting architectural design, implementation and control
strategies. The following table lists the mechanical performance characteristics of five different

Parallel Architectures | Serial Architectures
Monocular Vision Stereo Vision
[ HPV [21] | AgileEye[47] | CeDAR[116] | ESCHeR [61] | Yorick [112]
Max Pan Acc || 72000° /> 20000° /&> 20000° /&> 4000° /& 3000° /s
Max Pan Vel 600° /s 1000° /s 800° /s 140° /s 150°/s
Max Pan Ang 1200 140° + 30° 90° 200° 360°
Pan Res 0.01° 0.135° + 0.045° 0.01° 0.0044° 0.00018°
Max Tilt Acc || 72000° /s 20000° /s 18000° /s 14000° /s 5000° /¢
Max Tilt Vel 600° /s 1000° /s 600°/s 350°/s 400°/s
Max Tilt Ang 1808 140° + 30° 90° 90° 360°
Tilt Res 0.01° 0.135° £+ 0.045° 0.01° 0.0145° 0.00036°
Max Verg Acc n/a n/a na 16000° /s 6000° /s
Max Verg Vel n/a n/a n/a 400° /s 400°/s
Max Verg Ang n/a n/a n‘a 1000 360°
Verg Res n/a n/a n/a 0.0125 0.00036°

Table 2.1: A comparison of hardware performances characteristics for five different active vision
platforms. This table contains a selection of architectures that can be found in most active vision
systems currently available.

active vision systems. The platforms were selected on the basis of design diversity and the avail-
ability of relevant research material. These platforms are categorised into serial / parallel archi-
tectures and monocular / stereo vision systems. The first vision system, HPV, is defined as a
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high-performance camera platform [21] and is driven by two actuators. It has a simple kinematic
model in which pan movements are controlled by one actuator and tilt movements are controlled
by synchronised control of both actuators. The main features of this monocular, parallel archi-
tecture vision platform are very high acceleration and alow mechanical error, due to the use of
backlash free drive belts. Agile Eye [47] is another parallel architecture, monocular camera sys-
tem, but with significantly different properties. This system is driven by three motors that enable
fast acceleration and high velocity. The platform has a complex kinematic model and pan and tilt
movements are controlled by a coordinated activation of all three motors. In this model, the centre
of camera rotation is not fixed and is moved in a working envelope that has the shape of a cone.
CeDAR [116] isaparallel architecture stereo vision head with three actuators and is based on the
common-elevation model. This vision system was inspired by the previous two platforms. The
benefits of the parale architecture are reflected in the high velocity and acceleration, which are
within range of the previous two monocular vision systems. The use of drive belts also reduces
the positioning error and the kinematic model is similar to that of the first vision system. Two
actuators drive the vergence movements of the cameras and one actuator drives the movement of
the common tilt platform. ESCHeR [61] is a seria architecture, stereo vision head with three
DC motors and is based on the common-elevation model. The acceleration and velocity of this
platform are lower than those of the parallel architecture platforms. The kinematic model of this
platform is relatively simple, as two motors control the vergence movements of the cameras and
one motor controls the common tilt movement. The specia design characteristics of this platform
are foveated wide angle lenses. The fina platform, Yorick [112] has a similar kinematic model
and drive system to that of ESCHeR but does not have foveated wide angle lenses. Yorick is de-
signed to have alarger rotational range around all axes. Tilt, pan and vergence movements can be
performed in full 360°.

Apart from the diverse designs and implementations of active vision mechanics, there are also
major differences in camera designs. These range from cameras with standard charge coupled
device (CCD) arrays to cameras with foveated CCD chips [88]; and from camera optics with fixed
lenses and set focal lengths, over fully motorised lenses to foveated lenses [16]. The design of
mechanical hardware platforms is heavily influenced by the type of camera used. Smaller and
lighter cameras allow for smaller and faster camera platform designs.

2.3.2 Active Vision Control

The contral of active vision systems today, is implemented by a combination of hardware and
software components. The hardware usually consists of a computation device on which software
instructions are executed, an image capture component and an amplification unit that converts low
current control signals into high current actuator drive signals. The design of hardware control
systems is time consuming, potentially complex and not within the scope of this review. In the
following context, hardware devices are therefore considered to be black box entities. It is as-
sumed that the hardware is capable of executing software programs, capturing images and driving
active vision platforms. The software components are of greater interest. A significant amount
of research has focused on the design and implementation of new software algorithms for the
exploration of active vision capabilities. Software also has a short turn around time between im-
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plementation and evaluation.

There is no defined right or wrong way by which active vision systems can be controlled,
but many software architectures are emerging that use two or three heavily interlinked tasks
[19, 22, 30, 78, 85, 86, 87]: visual processing, gaze control and actuator control. Visual pro-
cessing and gaze control or gaze control and actuator control are sometimes so heavily interlinked
that they form a single control unit, even though they perform distinctly different control tasks.
Visual processing is involved in the analysis of images, captured by the vision hardware. This
often involves the detection of moving features between frames and the extraction of predominant
image characteristics. Gaze control uses this information to select image regions of interest. The
selection process is task specific and depends on the objectives that are to be met by the system.
If it is identified that the direction of gaze is to be atered, the actuator control is instructed to
move active vision components accordingly. This process normally utilises a kinematic model,
which from an engineering point of view, iswell understood [52]. Hence most of the artificial ac-
tive vision literature does not provide much information on this task. Visual processing and gaze
control, on the other hand, are still very much exploratory fields and new control architectures
are constantly emerging. Visual processing historically originated with passive vision and many
of the algorithms developed then are now used in active vision [46, 52]. Gaze control emerged
with the development of active vision systems and can be considered to be the most recent control
component within active vision systems. The main interest here aso focuses on gaze control.

Artificial gaze control has been heavily influenced by behaviours present in biological vision
systems. Smooth pursuit and saccadic control, in particular, are a feature of most gaze control
systems. Vergence control can also be found in most stereo vision systems. The implementation of
the underlying gaze controllers ismostly inspired by observed eye movements, but physiologically
plausible black box controllers and understood neural configurations are also implemented. The
control models by Robinson [101], for example, have been implemented on the Harvard head
[31, 32]. The performance of the controllers was then tested with blob tracking experiments. The
results showed that the system operated as desired, although it was not specified in detail what the
desired results were supposed to be. Vergence and saccadic modes resulted in the fixation of blob
features, as they moved around in space.

Neurologically plausible gaze controllers, such as that of the superior colliculus have been
implemented in simulation [24, 98], but only recently has it been attempted to test this type of
controller on an active head [12]. These controllers simulate the direct control of motor-neurons
as aresult of visua stimulation. The major difficulty in implementing such control models lies
in the fact that the output signals need to be converted into a representation that can be used to
control available vision platforms.

Other gaze control architectures use a range of engineering and artificial intelligence tech-
niques. The active vision platform Yorick [85] has been used to explore the use of finite state
machines (FSM). Bradshaw [19] utilised the states: inactive, saccade-wait, saccade-active and
pursuit-active to control smooth pursuit and saccadic movements. The states were entered de-
pending on the information received from visual processing, with the gaze model set to one of
four modes. saccade-only, pursuit-only, test and off. This control model allowed the investiga-
tion of smooth pursuit or saccadic camera movements. Murray [83] developed a more advanced
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gaze control system built on these concepts. This model utilised six states. inactive, wait, sac-
cade, pursuit, panic, reset forward and was used to test the transition between smooth pursuit and
saccadic movements. The system could be run in one of four modes: saccade-only, panic-only,
pursuit-only, and test-saccade-to-pursuit.

Christensen, Horstmann and Rasmussen [30] developed a biologically plausible, control the-
oretical approach to active vision, for the AUC camera head [29]. This model was organized in a
hierarchical structure with three dedicated control processes. fixation, pursuit and attention. Fix-
ation formed part of the lowest control level and was designed to detect image level features. This
used both monocular and binocular techniques. In monocular vision the image focus plane was
adjusted to intersect with the object of interest. In binocular vision, fixation was achieved by im-
age disparity and vergence control that focused on the object of interest. Pursuit formed part of the
higher level control tasks and also utilised a combination of monocular and binocular vision. For
the case of monocular vision, retinal slip provided an error measure of how far image features had
moved. The binocular vision system used an initial image match to obtain depth information and
then tracked objects within scene coordinates. The error measure was given by the distance be-
tween fixation points and the object location. Attention was also specified asahigher level process
and the selection of targets was a response to interpretations of the scene. This mechanism was
driven by spatial and temporal information. The integration of these control processes was imple-
mented by an inner control loop in which fixation formed the fundamental operational component.
The higher level control operations, pursuit and attention, formed outer loops and were linked into
theinner loop. Thedifferent loops in the system were coupled by switching between them or using
summation nodes. Results showed that switching caused discontinuous “jerky” motion, whereas
summation resulted in more smooth motion.

These few operational control concepts are a small example of how diverse active vision head
control strategies can be, and it is to be expected that many more algorithms will emerge in the
future.

2.4 Discussion

Artificial active vision builds on a wide range of knowledge from centuries of research. Around
1500 Leonardo da Vinci drew sections of aman's head, showing the anatomy of the eyé. In 1780

Galvani experimented with electricity to make frog muscles contract [119]. In 1848 Donders

observations set the foundation for Listing’'s law that describes the positioning behaviour of the
human eyeball and many subsequent modern vision systems. In 1945 von Neumann demonstrated
that a computer could have a simple, fixed physical structure and yet be able to execute any kind
of computation effectively by means of programmed control [120]. In 1975 Garland and Melen
attached a camera to a computer to develop a security system [121]. Thislist of historical contri-
butions could be extended significantly, but it isintended to just convey the diversity of disciplines
from which current artificial active vision research can draw. It cannot be emphasised enough how
complex and powerful active vision is. It has reduced computational requirements for image pro-
cessing, compared to passive vision, but still has significant capabilities for observing and rapidly

3The red chalk, pen and ink drawing (20.2cm x 14.8cm) is now exhibited in the Royal Library of Windsor.
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evaluating the environment.

“Unfortunately, it isall too easy to overlook the exquisite mechanism and control
of the human eye - on the mechanical side it has low inertia and can rely on muscles
for its actuation, muscles which have properties unmatched by commercially available
motors, particularly with regard to low friction, high efficiency, high power / size
ratio, co-actuation to control stiffness, and rapid acceleration. On the control side,
the physiological behaviours themselves are not fully understood, are probably non-
linear, and are therefore difficult to smulate.” [84], p155

In nature, systems have evolved to be well adapted to specific environments and tasks. Sim-
ilar paradigms apply to artificial active vision. Many vision platforms are developed to explore
the capabilities of active vision and use biology merely as an inspiration. Much of this work is
based on observed behaviours of biological systems but it is not significantly concerned with the
underlying concepts that govern the behaviours. Other active vision work is more theoretical and
looks at nature to develop biologically plausible models of active vision. Yet other research uses
the theoretical results and applies them to engineering and robots to prove or disprove them. This
research can even help further the understanding of biological vision systems.

“Using robots as physical models to test biological hypotheses has particular ad-
vantages over computer ssmulations. The effects of areal environment on real sensors
are reproduced directly, and thus mechanisms that depend on this interaction can be
more rigorously evaluated. It is often found that the internal processing requirements
are substantially simplified by having the right physical relationship with the task
environment. Thus results from robots can contribute to biological understanding.”
[124], p2

Many biologically plausible approaches to artificial active vision focus on the design of visual
processing and gaze control but often lack sufficiently strong biologicaly inspired mechanical
designs. The development of mechanical hardware is widely implemented with strong structured
and calculated engineering techniques. There is no doubt that this approach is valid and highly
successful, but does this approach really do biological vision justice?

“If there is a dirty, cheap trick, use it, that is how biology doesit.” Quoted from
Chris Malcolm, in a lecture on Intelligent Assembly Systems, DAI, University of
Edinburgh, 14 February 1997.

Biology is full of inaccuracies and errors, which in actual fact are a fundamental part of suc-
cessful evolution. Nature continuously introduces small changes into systems and selects those
that are fittest in a certain environment. These are then used to develop future systems with simi-
lar, but dightly modified properties. By doing so, evolution is capable of developing surprisingly
elegant and efficient solutions for seemingly difficult tasks. These solutions can be very complex
and even consist of finely tuned interactions with other entities in the environment. Although evo-
lution is very powerful there are high costs. Biologica beings with sophisticated vision systems
have evolved on this planet over millions of years. During this time, vast numbers of prototypes
have been tested and discarded.

Most engineering disciplines cannot take advantage of such evolutionary development con-
cepts, due to time restrictions and the wasteful selection strategies. Engineered systems are usually
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individually designed and assembled from a range of manufactured components. This often in-
volves the interaction of arange of engineering disciplines which individually produce subsystems
that are integrated into a complete system. This can lead to expensive, overengineered products
that are expected to work to defined design specifications. This approach has produced very good
vision systems [8, 21, 29, 47, 48, 74, 112, 116]. Accurately controllable actuators alow repetitive
movements without the need for feedback, with accelerations and velocities comparable to those
found in biological systems. Artificial active vision platforms are also not designed to fatigue
or significantly change their physical properties over time. These design constraints have little
in common with the properties of the human extra-oculomotor system and most other biologi-
cal systems. Biologica muscles do not reproduce accurate repetitive eyeball positioning without
feedback. Muscles fatigue, and the physiology of the extra-oculomotor system does change over
time.

Itisnow possible to step back from the conventional engineering approach to active vision and
deliberate about what properties of the extra-oculomotor system could have a stronger influence
on the design of new vision systems. It may be possible to utilise solutions that have emerged
through biological evolution to build elegant new systems. Overall, it is questionable if the current
design philosophy of active vision systemsisreally necessary for the development of active vision
platforms. There appears to be a possibility of approaching active vision from a more minimalist
direction, utilising components that are possibly cheaper, smaller and less reliable. For example,
why should an artificial active vision system not fatigue? It may be necessary for the vision system
to adjust and learn as platform behaviours change, and biology has given many examples that do
this very well.

It is the objective of this research to investigate the possibilities of developing an active vision
platform that is very much inspired by the dynamics and performance of the extra-oculomotor
system, reproducing behaviours that have so far only been tested in simulation. This essentially
involves devel oping adaptive control mechanisms that interact with the hardware and are indepen-
dent to existing gaze control algorithms.

25 Summary

This chapter introduces vision as a multidisciplinary science and shows some of the fundamental
questions that are asked in this field of research. A distinction is made between passive and active
vision, indicating some scientific approaches made. The computational and interaction benefits
of active vision are aso highlighted. This leads to an investigation into the current understanding
of biological active vision with an emphasis on the human oculomotor apparatus, visual pathway
and oculomotor control. The investigation then focuses on artificial active vision and introduces
anumber of examples that show the current progress in the field. Some control architectures that
underlie the control of these platforms are introduced. It is suggested that biological vision has
a significant influence on the development of active computer vision. The discussion draws on a
comparison between biological and active vision, emphasizing that each field could benefit sig-
nificantly from the other. It is aso shown that advances in artificial active vision are very much
influenced by established mechanical engineering concepts, rather than being directly influenced
by the physical properties of the extra-oculomotor system. Questions are posed that show limita-
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tions of current engineering approaches to biologically plausible active vision platforms.
The following chapter introduces a mechanical and electrical hardware concept that exhibits
more biologically plausible properties than are found in conventiona active vision platforms.



Chapter 3

Physical Environment

Chapter 2 highlighted the need for an artificial active vision system that would allow the observa-
tion of biologicaly plausible smooth pursuit and saccadic eye movement control strategies. This
chapter introduces such an artificial vision system and focuses particularly on biological design
plausibility and practical means by which these design objectives can be met. Manufacturing
details are not covered here, but further information is provided in appendices B, C and D.

To achieve an objective assessment of the active vision system and its controllers, it is nec-
essary to implement an experimental environment [109], in which accurate and repeatable image
sequences can be generated. This environment and the active vision system alow a range of eye
control concepts to be tested, which before could only be tested in simulation.
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Figure 3.1: Experimental set up (Unit size: cm). Connections marked with a C are control com-
munication links. Connections marked with a V are video or SVGA communication links. The
arrow heads mark the direction of communication.

Figure 3.1 shows a diagrammatic representation of the experimental environment developed
here. This overview contains much detail and should be viewed as a reference point, that will
clarify the purpose and location of individual hardware components, which are discussed in the
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following sections.

The layout of the experimental environment is structured in two parts; the monitoring and con-
trol area on the left and the experimental or testing area on the right. The control area consists of
three Monitors, a Computer, alaser videodisc recorder (LVR-4000P) and the Control Unit. Mon-
itor 1 provides the visual display to the Computer. Monitor 2 presents the image that is observed
by the mechanical Monocular Active Vision Eye (MAVE) (Lens 1). Monitor 3 shows afixed wide
angle view of the experimental environment (Lens 2). The Computer controls the operations and
experiments in the testing area, by interfacing with the Control Unit. The LVR-4000P records
high speed image sequences that are captured by the mechanical MAVE. The testing area consist
of alLaser, a Screen, the MAVE and a fixed Camera. The Laser produces moving targets on the
Screen. The MAVE performs smooth pursuit or saccadic movements as a result of visual stimula-
tion through laser targets, projected onto the Screen. The fixed Camera provides a safe overview
of the experimental area, when the Laser is switched on [1, 2]. The LVR-4000P istriggered by the
Control Unit and records image sequences at arate of 50 fields (25 frames) per second.

3.1 Mechanical Design of the Monocular Active Vision Eye

The mechanical Monocular Active Vision Eye (MAVE) fundamentally consists of a charge cou-
pled device (CCD) camera that is mounted on a moving platform, which is positioned by actu-
ators. This concept is common to most artificial active vision systems, but the detailed designs
vary considerably from one platform to the other. To provide a biologically realistic design and
ajustification for a new approach it is first necessary to establish how well current active vision
systems compare to the extra-ocular system. This comparison should provide relevant information
about the biological plausibility of existing designs and help define key properties of the human
eyein a set of engineering terms. These terms can then be used as fundamental properties that
may be included in the design of the MAVE.

The following six points contrast abstracted human extra-ocular features with properties of
commercial active vision platforms. Thisis asimplified, top level comparison. A detailed com-
parison would raise many issues that could not be covered in this context:

1. Thefundamental actuator architecture of the human extra-oculomotor system consists of six
muscles, which apply their force in parallel to one platform (eyeball). In engineering terms,
this is referred to as a parallel architecture [47, 48]. Most mechanical camera platforms
use a serial architecture. This means that one actuator connects to one platform which then
connects to another actuator and platform and so on. The difference isillustrated in figure
3.2[8, 47, 48].

2. The operation of mechanical camera platforms, whether serial or parallel, is inherently po-
sition controlled. This means that it is possible to point the camera precisely at a defined
location, without requiring proprioceptive or camera image feedback. The human vision
system uses visual feedback from processed images and muscle contraction measurements
from muscle spindles to help trigger controlled eyeball positioning [37].

3. The actuators used for mechanical camera platforms normally control two directions of
motion, usually clockwise and anticlockwise rotation. Extra-ocular muscle contraction is
only applied in one direction. The human eye uses six muscles to control al three degrees of
rotational eyeball freedom. Thistype of configuration is referred to as opposing actuation.



Chapter 3. Physical Environment 25

4. In most camera platforms, the weight of the camerais carried directly by the actuators. This
means that the actuators must continuously apply a force, or the actuators are constantly
under aforce applied directly by the weight of the camera. The weight of the human eyeball
is carried by a concise cavity in the skull. The muscles only apply a force to change the
direction in which the eye is pointing. Thistype of configuration is referred to as statically
balanced?.

5. Commercial camera platforms are available with varying degrees of freedom. Figure 3.2
shows two such platforms. They are monocular active vision heads, one with two degrees
of freedom, the other with three degrees of freedom. The extra-oculomotor system can
control three degrees of freedom that allow the human eye to pan, tilt and roll, although
according to Listing's law [92], it is possible to define the position of the human eyeball
with only two independent entities (angles of rotation).

6. The control signals, sent to the actuators of camera platforms, can vary from multi-strand
continuous direct currents (DC) to pulse width modulated (PWM) and alternating currents
(AC). It can be argued that PWM control signals have the closest resemblance to activation
potentials that travel along axons to muscles.

Figure 3.2: The left image shows a monocular active vision head with a serial architecture. The
two actuators for the pan and tilt movement are located between the pan and tilt joints. The right
image shows an active vision head with a parallel architecture. Three actuators are connected
directly between the base and the camera.

Figure 3.2 shows two typical mechanical camera platforms that are used for active vision.
Both systems are position controlled and have bidirectional actuators. The platform on the left
has a serial architecture, is driven by geared AC or DC motors and can pan and tilt. The platform
on the right has a parallel architecture, is driven by three stepper motors and can pan, tilt and
roll. These and other commercia platforms [8, 16, 29, 42, 74, 85] lack many of the high level

1«Static balancing consists in ensuring that the actuators do not contribute to supporting the weight of the moving
links for any configuration” [47], p.7

2|t is important to note that activation potentials are low current signals which cause biochemical processes to
generate energy for muscle contraction. PWM on the other hand are pulsed, high current DC signals that directly drive
physical actuators.
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biologically plausible properties that were identified in the six comparison points. This certainly
givesrise to the fact that aternative designs could be considered, which may include more of the
biologically plausible features. One could assume that it is possible to implement all six identified
features in one platform, but the development here is restricted by time and a fixed budget. So
to what extent do the limited resources allow the implementation of an experimental mechanical
Monocular Active Vision Eye that could be claimed to have similar properties to those of a human
eye? ldedly it should be similar enough to test control algorithms that are proposed to underlie
smooth pursuit and saccadic eye movements in humans. As six favorable eye properties have
been established, that could be utilised in the design of an artificial eye, the next step should
investigate how such properties could be combined. The approach taken here looks at the anatomy
of the extra-ocular system as a basis around which to design the robotic platform. Functional
mechanical components are then discussed that may be able to replicate the behaviours of their
biological counterparts. Figure 3.3 [40], p217 shows an anatomical view of the human eye.
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Figure 3.3: An anatomical top view of the human, right extra-oculomotor system.

The eyeball sits in a concise cavity within the skull, which is bedded with fatty tissue. This
alows the eyeball to rotate freely. The eyeball and the surrounding tissue are also heavily over-
damped [99], which insures that the performance of the eyeball islittle affected by the massitself.
The ball in socket mounting concept also means that the eyeball is rotationally holonomié with
three degrees of freedom. However, under most circumstances, the eye only performs pan and tilt
movements. For design simplicity, it is assumed that a positioning platform with two degrees of
freedom, namely pan and tilt is sufficient. An engineering solution, know asagimbal, implements
amoving base with two degrees of freedom, which allows pan and tilt movements. The gimbal is
also one of the earliest mechanical models, figure 2.1, that was used to explain the behaviours and
laws of human eye movement.

3An active entity is said to be holonomic if there are at least as many controllable degrees of freedom as possible
degrees of freedom.
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The human eye uses the medial and lateral rectus muscles to control horizontal movement, and
the superior and inferior rectus muscles to primarily control vertical movement. Due to the physi-
cal alignment of the superior and inferior rectus muscles, they also generate an oblique component
of movement, which ispartially compensated for by the superior and inferior oblique muscles[37].
As the gimbal only allows two degrees of freedom, namely pan and tilt, there is no requirement
for the control of an oblique positioning component. The mechanical MAVE therefore only needs
actuators that control vertical and horizontal movement.

The extra-ocular muscles generate linear motion and have a response time of ~ 125ms [100].
Ideally, the actuators in the mechanical MAV E should generate linear motion and react at asimilar
speed, allowing the mechanical MAVE to exhibit response times close to those found in the human
eye. Solenoids can apply linear motion and have rapid response times. These actuators are not
position controlled and normally move a plunger between two physical stop positions. Their usein
the control of smooth pursuit and saccadic eye movement has not been investigated before. How-
ever, their mechanical properties, in conjunction with mechanical damping, appear to be similar
to those of biological muscles[11]:

e Solenoids and muscles actively contract under application of electric pulses / activation
potentials.

e Solenoids and muscles can be passively compressed or expanded freely, when no electric
pulses/ activation potentials are applied.

e Solenoids and muscles cannot expand themselves and must be expanded by an opposing
forcet.

e Solenoids and muscles can convert electric pulses / activation potentials directly into physi-
cal movement®.

Even though the properties of solenoids are not examined for the task of saccade and pursuit
they are to fulfil here, they are simple and appear to have biologically plausible features.

The extra-ocular muscles are constantly under tension and are attached directly to the eyeball
by short sinews. This prevents the muscles from building up slack. In the mechanical MAVE
design, it is possible to use rods to pass on actuation from the solenoids to the gimbal. This
simplifies the future design of control agorithms, asit is not necessary to implement amechanism
for taking up slack from some flexible connection mechanism. However, this also complicates the
connection between the rods and the gimbal, as it is necessary to find a connection system with
three degrees of freedom and a small error tolerance. Rod-end bearings provide the degrees of
freedom required and have anegligible error tolerance. They are also resilient to the force that can
be applied by the solenoids.

The components selected so far do not provide a facility for damping. A gimbal is usually
mounted on bearings to prevent friction, and the solenoid plunger moves freely in and out of a
coil. This means that extra components have to be selected for damping. As mentioned above,
the human eye is heavily over damped. It would therefore be within our design paradigm if

4Some solenoids can be fitted with permanent magnets or springs to allow autonomous expansion.
51t should be noted that the energy for muscle contraction is provided by adenosine-diphosphate (ADP) and
adenosine-triphosphate (ATP) and not by electricity, as is the case for the solenoids.
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damping could be applied directly to the gimbal, as the damping of the eye is applied directly
to the eyeball. Miniature shock absorbers, used in model racing cars can be adjusted to different
levels of damping. They also operate linearly, which should make the integration with the linear
actuators relatively easy.

With the availability of core components that allow the simulation of biologicaly plausible
behaviours, it is apparent that there is a good chance for developing a mechanical MAVE that
implements most of the features identified in the list of six comparison points.

Camera Mounting Area Solenoids

R
e

Damping Pistons

Figure 3.4: Initial schematic design of the mechanical Monocular Active Vision Eye (MAVE).
This design consists of a gimbal with the camera mounting area, the damping pistons and the
solenoids that generate camera movement.

Figure 3.4 shows the first diagrammatic design of the mechanical MAVE, based on the com-
ponents selected so far. The Camera Mounting Area is, in effect, the inner ring of the gimbal. The
four Solenoids represent muscles and the four rods extending from the Solenoids to the gimbal
represent sinews. The Damping Pistons also connect to the gimbal and implement the mechanical
damping. Apart from the reduced degrees of freedom, from three to two and the reduced number
of actuators, from six to four, this design incorporates al derived features, even static balancing.
Satic balancing isimplemented by counterbalancing the weight of the rods and their fixtures with
the weight of the CCD camera.

All components, except for the gimbal, are standard components and are produced in bulk.
Purchasing standard components can help reduce cost. A gimbal, even though widely used, is
not available in the required dimensions and has to be designed and manufactured separately. A
wireframe model of a gimbal was constructed for this purpose. During the manufacturing phase,
this model became a useful tool for illustrating key requirements. Appendix C illustrates gimbal
components and their assembly.

Thelong lead time for some components meant that the gimbal was completed before all other
parts had arrived. In an extreme case, this meant that the manufactured dimensions of the gimbal
were not adequate for the integration, in accordance with the initial design. The area behind the
gimbal wastoo restricted to mount the shock absorbers and the rods that connect to the solenoids.
A design decision was made, that would alter the initial overall design. The linear operation of
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the solenoid pistons was extended through both ends of the coils, alowing the damping pistons
to be moved from behind the gimbal to the other end of the solenoids. Figure 3.5 shows this
new design. In effect, this approach provides a much more modular structure than was initially
conceived, allowing all mechanical components to be more accessible and maintainable.

CameraMounting Area Solenoids

R
)

Figure 3.5: Revised schematic design of the mechanical Monocular Active Vision Eye (MAVE)
with improved modularity of the key components. This design consists of a gimbal with the
camera mounting area, the damping pistons and the solenoids that generate camera movement.

Another unanticipated design complication appeared when testing the operation of the shock
absorbers. When a hydraulic shock absorber is compressed or extended, the level of shock fluid
in the cylinder changes, due to the displacement by the pistons. The changing level of shock fluid
is equalized by air that is separated from the damping fluid by a membrane. The stretched mem-
brane of the shock absorber can assert sufficient force on the shock fluid to re-extend the piston
after compression. Thisisnot desirable, as shock absorbers are not intended to play an active role
in positioning the gimbal. However, as opposing actuation is used to control the movement of the
gimbal, one actuator is extended as the opposing actuator is compressed. The length of extension
and compression between two opposing actuators is identical for any action they perform. Asthe
shock absorbers are now connected directly to the solenoids, the level of extension and compres-
sion between opposing shock absorbers is also identical. Thus, if it were possible to connect the
opposing shock absorbers in such away that the shock fluid could pass freely between them, there
would be a closed, self equalizing system with no need for an equalizing membrane.

As the four shock absorbers are now mounted in parallel at one end of the solenoids, the
implementation of a pressure equalizing system is possible and benefits from the new modular
MAVE design. A shock absorber mounting backplane was constructed in such a way that the
shock absorber cylinders screw directly into it. A channeling system was also drilled into the
backplane, allowing shock fluid to pass between all shock absorbers. Figure 3.6 shows the rear
assembly of the mechanical MAVE. The backplane is manufactured out of perspex, alowing the
level of shock fluid to be monitored. The black circles at the end of each shock absorber are holes
which allow shock fluid to pass between the shock absorbers and the perspex backplane. The
channeling system in the backplane consists of one horizontal and two vertical channels which
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Figure 3.6; Shock absorber assembly with shock fluid channels in perspex. The cables passing
through the perspex backplane connect to the solenoids.

connect all shock absorbers with each other.

Apart from providing fixtures and a channeling system for the shock absorbers, the back-
plane also has to withstand the force applied by activated solenoids. During peak activations this
force can be in excess of 14Kg. To reduce the chance of backplane misalignments as a result of
such forces, the stress path was reduced to a small structurally enforced region of the mechanical
MAVE. For this purpose, a brass bulkhead was fixed to the heatsinks and solenoids on one side,
and to brass spacers on the other side. The spacers extend from the bulkhead and connect directly
to the backplane. The effective stress area between the solenoids and shock absorbers is now con-
fined to the area between the bulkhead and the backplane. The stress applied by the solenoids

Figure 3.7: Side view of the MAVE mechanics. From left to right, the logical components are:
Gimba with mounted camera, linear actuators under heatsinks and mechanical damping pistons
with pressure equalizing channels in perspex.

aong the rods towards the gimbal is alinear force and is relayed through the gimbal back to the
damping system.
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Figure 3.7, shows the completed mechanical MAVE with the new shock absorber fixtures
and pressure equalizing system. The gimbal, rod-end bearings, rods and shock absorbers are
clearly visible. To protect the solenoids from thermal damage, they have been placed behind black
heatsinks.

This completed active vision system has many of the properties that were identified early on
in the section and allows the system to be defined as follows:

“A statically balanced, parallel architecture camera system with two degrees of
freedom and feedback controlled, opposing linear actuators.”

3.2 Mechanical Target Design

The experimental platform is primarily designed to be used for the investigation of biologically
plausible smooth pursuit and saccadic control algorithms. These movements are triggered in hu-
mansas aresult of analysing complex images, localised excitation within thefield of view, auditory
stimuli and other influences. To focus the investigations specifically on the sensory-motor control
that underlies the movements of interest, the visual data presented to the mechanical MAVE has
to be unambiguous and easy to analyse. Thisisimplemented by generating distinct targets in the
field of view, which are able to move at continuous speeds, appear or disappear and remain at fixed
locations. The control of such targets should be automated, to allow different experimental MAVE
controllers to be tested under identical experimental conditions. Automation also reduces the need
for human interaction with potentially monotonous experimental tasks.
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Figure 3.8: Relative response of the human eye and the MAVE CCD camera to the visible light
spectrum. The light frequency of the laser targeting system is indicated by the vertical, dashed
line.

Theretinaof the eye and CCD cameras are sensitive to light, figure 3.8, hence avisual stimula-
tion system was envisaged that uses directed light to produce visible targets. This could be simply
implemented by projecting light onto a screen, but laser light has properties that are particularly
favourable for the test application. Laser beams have a negligible divergence which allowsthe size
of targets to remain virtually unchanged, when moving across a screen. Laser light can be intense
enough to produce visible locations on many surfaces and it is available in different wavelengths.
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The trgjectory of alaser beam can be controlled by mirrors that move in a predefined way. This
makes it possible to keep track of exact target locations and make the experimental environment
definable and predictable.

Precise clockwise and anticlockwise mirror positions can be controlled by stepper motors.
Stepper motors turn with fixed angular resolutions for each step they make. If required, the angular
resolution of steps can be changed by adding gearboxes with set ratios. This determines the speed
a which the targets can travel across a screen and what distance lies between neighbouring target
positions. Determining a gearbox ratio relies on estimating reasonable speed and positioning
resolutions. The single limiting factor for this calculation is the stepping speed of stepper motors.
Most stepper motors start losing steps at a step speed of > 450Hz. A safety margin of 50Hz
is therefore recommended, restricting the maximum step speed to 400H2. If the gearbox ratio
is chosen high, the target travels across the screen slowly, but the resolution of possible target
locations is high. If the ratio is low, the target travels across the screen fast, but the resolution of
possible target positions is low. It is therefore necessary to compromise between the positioning
accuracy and the speed at which the target should travel.

Figure 3.9: Schematic design of the laser target positioning system. Two of many laser trgjectories
are indicated by the dashed lines. Each of the two surface reflective mirrors rotates in separate
directions, enabling the laser target to move in horizontal and vertical directions.

Thetarget system for the experimental set up uses afixed laser source and two rotating mirrors,
figure 3.9. The mirrors are mounted directly on the drive shaft of gearboxes. One mirror controls
the horizontal movement of the laser beam, one mirror controls the vertical movement of the laser
beam. Strictly speaking, the mirrors do not control exact horizontal and vertical beam trajectories.
The movements are dightly curved, due to physical aignment between the mirrors and the laser
source and a change from a spherical to a cartesian coordinate system during screen projection.

As the experimental environment is controlled by a computer, it is possible to change the
time scale in which operations are performed. This allows experimental MAVE controllers with
different computational resource requirements to be run and compared. The target and positioning
accuracy can take account of the MAVE controller requirements, allowing the target speed and
position accuracy to be adjusted. This meansthat identical |aser target patterns can run at different
speeds, depending on the computational requirements of the MAVE control program.

6The step speed is determined in software and requires computer dependent constants to be selected.
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The calculation of gearbox ratios aso takes account of this. This means that a stronger em-
phasis can be put on deriving a sensible positioning resolution for the targets, instead of trying
to increase target speeds. A sensible positioning resolution reflects the mechanical error of the
motors and gearboxes. Thisis athreshold that marks the boundary between the smallest possible
positioning accuracy and the positioning error. The manufacturer of the gearboxes and stepper
motors used here does not provide performance information that specifies the error margins on
backlash and repeatability. Backlash error margins found on high precision gearboxes are often
< 0.15°, but it is not financially viable to use high precision gearboxes to position the laser mir-
rors here. However a step resolution of 0.15 would allow targets to be positioned at a distance
of 0.11cm or move at a speed of 44.5cm/s. This assumes a spherical screen with a radius of
42.5cm and the laser mirrors rotating in the origin. In the experimental environment, figure 3.1,
the projection is onto aflat screen from a distance of 42.5cm. This means that the target speed and
positioning resolution vary at different locations on the flat screen. The positioning accuracy isin
the range 0.11cm to 0.62cm and the target speed lies between 44.5cm/s and 247.8cm/s.

Assuming 0.15° as amirror positioning accuracy, it is easy to calculate the resolution of the
required gearboxes and stepper motors. In this experimenta set up, the stepper motors have a
resolution of 7.5° and use reduction gearboxes with aratio of 50:1.

3.3 Electrical Control Unit Design

The control, calibration and measurement of the mechanical components is performed as a result
of control signals being sent to and from a computer. Digita signals provided by a standard com-
puter interface, such as the serial or parallel port, are, however, not powerful enough to control
some of the actuators used here. There are also nhot enough channels to control all the actuatorsin-
dividually. The control unit bridges the gap between the computer and the mechanical components
that make up the experimental environment. To perform this task, the control unit establishes a
digital communication with the computer at one end and analogue, digital or pulsed communica-
tions with the laser scanner and mechanical MAVE at the other end. Industrial hardware standards
exist that define ways in which periphery should be connected and controlled through the seria
or paralel port of a computer. Many of these standards are implemented in hardware and are
integrated into fully functional interface boards that can be used to control external devices.

The control unit is built around one of these interface boards (P8000’ 2). It provides a digital
communication port to the computer at one end and digital and analogue input / output channels
a the other end. The digital and analogue channels can be controlled individualy and have a
higher switching current than the computer interface. For some of the hardware requirements,
these currents are still not sufficient and need further amplification.

The communication speed between the computer and the interface board is sufficiently high
to support the implementation of control signals that control the solenoids or the stepper motors
directly. This does, however, carry a communication overhead that could otherwise be devoted to
solving high level control algorithms for the calculation of laser trajectories or activation times for
the solenoids. Task specific hardware is therefore integrated into the control hierarchy to drive the
stepper motors and high current solenoids. The control unit uses three stepper motor controllers
(SMCs) that connect with the P8000’2 and control the stepper motors in the laser scanner. By
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Figure 3.10: Diagrammatic stepper motor control signal hierarchy. Sis a bi-directional, seria
communication channel between the computer and the interface board (P8000'2). Bl and B2
are uni-directional, binary control channels from the P8000’ 2 to the stepper motor control board
(SMC). Q1, Q2, Q3 and Q4 are uni-directional, binary control channels from the SMC to the
stepper motor.

keeping the SMCs in the control unit, the laser scanner does not require a separate power supply
and can be plugged directly into the control unit.

Figure 3.10 illustrates a simplified hardware setup between the computer, the P8000' 2, one
SMC and one stepper motor. The computer connects to the P8000’ 2 through the serial channel
S, the interface board connects to the SMC through two binary channels B1 and B2 and the SMC
connects to the stepper motor through four binary channels Q1, Q2, Q3 and Q4. B1 sets each step
to be taken and B2 sets the rotation direction of the stepper motor. These two bit channels are
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Table 3.1: Signal conversion table that illustrates the functionality of the SMC boards. The binary
input signals B1 and B2 are set low at 2V and high at 12V. The stepper motor control signals are
set low OV and high at 12V.

converted by the SMC into four stepper motor drive channels. Table 3.1 show asignal conversion
table for the incoming channels B1 and B2, and the outgoing channels Q1, Q2, Q3 and Q4.

"The communication over connection Sfollows a standard I12C protocol and is not discussed here.
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The additional hardware frees computational resources and simplifies the stepper motor con-
trol. The use of this dedicated hardware also reduces the risk of skipping steps, due to possible
timing errors in the 1°C protocol.

The control unit now contains one port that allows it to communicate with the computer, three
ports that drive stepper motors and further digital and analogue input / output channels that can
be connected to other components. For simplicity, it should be assumed that there are sufficient
channels to allow the integration with all other robotic components.

The following table shows the core components have been used to build the control unit. A
corresponding circuit diagram is included in appendix B.

PSU Main stabilised and regulated power supply unit. This unit supplies SMC 1 -
SMC 3 and the Laser Scanner.

P8000’' 2 Computer interface board with two integrated power supply units. This board
controls the communication between the Computer, Laser Scanner and the
MAVE.

SMC 1, Stepper motor control boards. These units control the step frequency and step

SMC 2, direction of stepper motors within the Laser Scanner.

4?\4 Ck: . 4700Q resistors. Used to covert signals from the P8000’2 into an LSL-level
signal (slow interference-proof logic family).

BUZZER Piezzo buzzer. This buzzer can give acoustic warning signals.

VIDEO Phono output port. This port is connected to the camera in the MAVE and

ouT passes the signal to the frame grabber in the Computer.

MAVE 25 pin male D connector. The connection port to the MAVE. Pins are mapped

PORT one to one.

LASER 25 pin female D connector. The connection port to the Laser Scanner. Pins

PORT are mapped one to one.

Table 3.2: Electrical modules of the control unit.

3.4 Electrical Target Design

The electromechanical components of the laser scanner connect, through a cable, directly to the
electrical components in the control unit. There is no need for intermediate devices in the laser
scanner that convert or amplify signals. The stepper motors are mapped onto the three SMCsin
the control unit and the laser is an encapsulated unit that can be connected directly to a power
supply. The laser is switched on and off by a digital port on the P8000’ 2 interface board. Photo
transistors are connected to analogue input channels on the P8000’ 2 and are used to calibrate the
mirror positions. The calibration is performed by a software controlled sequence, during which
the laser is switched on and the mirrors are rotated. The laser is reflected directly onto the photo
transistors, under specific mirror constellations. These events are registered and are used to drive
the mirrors to default positions.

A physical shutter is mounted on the shaft of a stepper motor, enabling the laser targets to
appear and disappear rapidly, without having to switch the laser on and off. The position of the
laser shutter is calibrated by using an optical switch, which operates in a similar way to a light
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barrier. As soon as the shutter is moved into the light beam, an event is registered and the shutter
is driven to a shut position. As the position of the mirrors and the shutter are not retained within
the hardware, it is necessary to calibrate their position each time a new control program is started.

The following table shows the core components that were used to build the laser scanner. A
corresponding circuit diagram is included in appendix B.

PT1, PT2 Photo transistors. These are used to automate the laser mirrors position cali-
bration.

oS Optical switch. This switch isused to calibrate the shutter position.

SM1 Stepper motor. This stepper motor controls the laser position along the hori-
zontal axis.

SM2 Stepper motor. This stepper motor controls the laser position along the vertical
axis.

SM3 Stepper motor. This stepper motor controls the shutter position.

1k 1000Q resistor. Reduces the voltage on the OS LED.

LASER Laser diode with starter. This laser is classed 3A. The laser can only be ac-
tivated through the P8000’2 control board, which is located in the Control
Unit.

FAN Fan. The fan cools the stepper motors.

LASER 25 pin male D connector. The connection port to the Control Unit. Pins are

PORT mapped one to one.

Table 3.3: Electrical modules of the laser scanner.

3.5 Electrical Design of the Monocular Active Vision Eye

This section looks primarily at how the hardware control and solenoids are integrated into awork-
ing system. This covers the design of electrical hardware that is capable of regulating the energy
requirements of solenoids and looks at the problems of electro magnetic fields (EMF) and stic-
tion®.

As solenoids play akey role in the mechanical MAVE, it is important to understand how they
operate and how they can be controlled. Thisunderstanding isnot only vital to the physical design,
it also aids the understanding of how and why the MAVE control software can be implemented.

Solenoids use electromagnetic forces to generate motion and apply their full force when
switched on and no force when switched off®. Varying forces are exhibited when regulating the
voltage or using pulse width modulation (PWM). Voltage regulating electrical circuits are pri-
marily used for low current consumers and are often implemented in laboratory power supplies.
During regulation, excess energy is usualy dissipated in the form of heat, which means that high
current consumers require more energy dissipation than low current consumers. PWM has the
advantage that the voltage does not change, power is purely switched on and off at variable time
intervals, with no need to burn off excess energy. Solenoids consume significant amounts of en-
ergy during operation and hence put high demands on the power supply. It istherefore reasonable

8Static friction.

9Some solenoids are fitted with permanent magnets or springs to automatically retract the piston, after the power
has been switched off.
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to implement PWM for the control here. PWM also has other electrical design benefits, which are
covered later in this section.

A Tmz

! 1
dv: 21,88V dt: 2.50ms 1/dt: 400.00Hz

Figure 3.11: Digital storage oscilloscope measurement, taken during the activation of a solenoid
with alow pulse width (PW) setting. Horizontal units are in 1ms, vertical units are in 5V. The
dashed lines enclose the signal boundaries of one pulse and determine the values At (dt) and and
AV (dV). 1/dt indicates the pulse frequency.

Before concentrating on the hardware implementation of PWM, it is necessary to understand
the underlying concept, shown in a typical oscilloscope measurement in figure 3.11. Thisillus-
trates the signal components and characteristics that play arole in controlling the solenoids. The
5V in the top left corner refers to the gain in the vertical directiort®. The 1ms in the top right
corner refers to the gain in the horizontal direction*. The pair of dashed horizontal lines refer to
dV (AV) and encloses the voltage range of the pulses. In this example, the range encloses 21.88V .
The pair of dashed vertical lines refer to dt (At) and enclose the time of one pulsé?. In this exam-
ple one pulse encloses 2.5 boxes, which gives atime of 1msx* 2.5 = 2.5ms. The pulse frequency is
given by 1/dt with 400Hz. The values dV, dt and 1/dt are constant and can only be changed by
physically modifying the robotic hardware.

To prevent confusion, it is important to distinguish between the terms pulse and pulse width
(PW): A pulseisaways 2.5ms (dt) long, which means that a sequence of pulsesruns at afrequency
of 400Hz (1/dt). The PW on the other hand is variable and relates to afraction of dt, during which
the voltage 21.88V (dV) is switched on. Asdt is 2.5ms long the PW cannot exceed 2.5ms. This
means that a PW of Omswould generate aconstant signa of 0V, and aPW of 2.5mswould generate
a constant signal of 21.88V. Intermediate PW values would generate signals, similar to the one
seen in figure 3.11. In the following context, the PW will be used in unit size percent, where a PW
of Oms relates to 0% and a PW of 2.5ms relates to 100%. As the PW increases from 0% to 100%,

10The height of each box accounts for 5V.
11The width of each box accounts for atime period of 1ms.
Thisis not the pulse width.
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the relative time during which the voltage dV is switched on also increases. This means that the
average magnetic field in the solenoids can increase and apply a stronger force on the solenoid
plungers.

Similar to the control of the stepper motors in section 3.4, implementing PWM as a result
of timed control signals by the computer would carry a significant communication overhead. It
is more elegant to send control command from the computer to some hardware that is capable
of generating a high current PWM signal. This reduces possible communication errors and frees
computational resources.

e I
P8000’ 2
Computer E E‘ @
(B2

Figure 3.12: Diagrammatic solenoid control signal hierarchy. Sis abi-directional, serial commu-
nication channel between the computer and the interface board (P8000’'2). A is a uni-directional
analogue control channel from the P8000’ 2 to the direct current to pulse width modulator (DC -
PW). P isahigh current, uni-directional, pulse width modulated (PWM) control channel from the
DC - PW to the solenoid.

Figure 3.12 illustrates a simplified hardware configuration between the computer, the PS8000’ 2,
adirect current to pulse width modulator (DC - PW) and a solenoid. The computer connects to the
P8000’ 2 through a serial channel S The interface board connects to the DC - PW board through
an analogue channel A and the DC - PW board connects to the solenoid through a high current
digital channel P. A carries a control voltage between OV and 10V in 65 voltage steps. There is
one step between OV and 2V, and 64 steps between 2V and 10V. OV causes no signal to be sent to
the solenoid. Values between 2V and 10V cause the DC - PW to generate PWs on P, which have

1ov

o —
21V ‘

P LUy

ov — |

Table 3.4: Signal conversion table that illustrates the functionality of the DC - PW boards. The
anaogue input signal A is set low at OV and high between 2V and 10V. The high range can be
set in steps of 0.125V. The solenoid activation signal P is set low at 0V and high at 21V with a
modulated PW.

aPW in the range 10% to 70%. Table 3.4 illustrates the correspondence between the input signal
Atothe DC - PW and the output signal P to the solenoid.
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Once the high current solenoid control hardware is implemented it may be assumed that the
next step is to find a solenoid and connect it. This is correct, but solenoids are not normally
controlled by PWM. They are usualy only switched on or switched off, using an AC or DC
supply. This means that it is necessary to carefully identify a solenoid that can apply a sufficient
force for this specific application but also have along life expectancy.

Solenoids have non-linear activation curves, with respect to the stroke of the solenoid plunger.
They can also run at different duty ratings, which specify for how long they may be switched
on, during a given time interval. The duty rating is derived by a number of parameters, such as
the voltage and current at which the solenoid will be run and the degree to which the plunger is
retracted into the magnetic coil'®. Each solenoid in the mechanica MAVE is run at a duty rating
of 8%. This means that for a given time interval, the solenoids should only be switched on for
8% of the time. Thisis a very short time indeed and one could argue whether or not this timeis
sufficient for the application. In the mechanical MAVE, the solenoids are activated for very short
times, during saccades and smooth pursuit. Even with the short time periods that saccades and
smooth pursuit take, 8% may still appear rather unrealistic. Howevey, if this time is moved into
perspective and the way in which PWM works is considered, 8% becomes plausible.

The DC - PW hardware has been set to permit PWs in the range from 10% to 70%*. So if
the solenoids were switched on permanently at any PW between 10% and 70%, they would still
exceed their permissible duty rating of 8%. However, there are many other factors that have to
be considered, which reduce the time during which each solenoid is switched on. First of al the
system uses pairs of solenoids, which means that at least two solenoid are switched off, while
the opposing solenoids are switched on. Even with continuous diagonal camera movements, the
activation of each solenoid within the system is halved, reducing the maximum activation time
from 70% to 35%. Between sequences of solenoid activation, the computer also has to change the
position of the laser target. At maximum target speed and a PW of 70%, the MAVE is at least
twice as fast as the laser target. As the target and the MAVE cannot be controlled at the same
time'®, MAVE activations are switched off at least twice aslong as it takes for the MAVE to move
to the new target position. This means that the solenoid activation time can again be reduced,
this time by % reducing the average on time from 35% to 11.6%. From the mechanical aspects
alone, the expected maximum solenoid activation time is just 3.6% above the permissible rating.
The computational requirements have not yet been added, but it is assumed that image processing,
and communication overheads will add extra delays that reduce the activation time even further,
approaching the permissible duty rating of 8%. This means that solenoids run at a duty rating
of 8% are appropriate for the application in this experimental environment. The solenoids are
only switched on for very short time periods, preventing them from overheating, but also allowing
them to be driven with a sufficient current that enables them to apply a high force to the camera
platform, figure 3.13.

13The calculation of duty ratingsis not be performed here. It is sufficient to know what a duty rating is and how the
electrical control of this environment affectsit. Further information on duty ratings can be found in [105].

14The PW and duty rating are values that can be directly compared with each other, as they both define a percentage
during which electricity flows to the solenoids.

15parallel scheduling of the mechanical MAVE and the laser target would have been too complex to implement here,
with respect to the real-time requirements of the hardware control.
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Figure 3.13: Non-linear activation curves for the solenoid force at varying piston strokes. The four
curves represent manufacturer defined performance values for different duty ratings. The MAVE
is designed to operate at solenoid duty ratings of 8%.

During the design of the mechanical control hardware and the integration of the solenoids, it
is important to consider the effects of electro magnetic fields (EMF), especially as high currents
are switched on and off at very short time intervals. EMF occurs in every electrical application,
but often these magnetic fields only have a negligible impact on surrounding components and the
environment. The control of coils by PWM in the mechanica MAVE is, however, a potential
source of interference that can cause problems. It is therefore important to implement safety
precautions to prevent interference with the control hardware.

Interference with the control and other electrical hardware can manifest itself by radiating elec-
tromagnetic fields that build up and break down when coils are activated and deactivated. These
changing magnetic fields can induce an electric current into a conductor passing through them.
Negative effects on the control hardware, as a result of electromagnetic fields, can be reduced by
added shielding and increasing the distance between the solenoids and the control hardware. High-
current diodes protect the PW modulators from the large reverse voltages induced into the coils
by the collapse of their electromagnetic fields when they are turned off. Electrical interference
with the CCD camera is reduced by using a second, independent power supply that only supplies
electricity to the camera. Ferrite rings and capacitors are also used as low-pass filters that block
high frequency interference with the cameraimage.

The last design issue considered during the design of the mechanical MAVE focuses on the
hydraulic damping system. Hydraulic systems in general, used as actuators or shock absorbers,
suffer from a phenomenon known as stiction. This is an initial “stickiness’ that occurs when
pistons are activated and static friction isgreater than kinetic friction. In the case of the mechanical
MAVE, dtiction can lead to unwanted jumping between camera positions. The effect of stiction
can be reduced by vibrating the hydraulic system. The PWM, controlling the solenoid activation,
can be adjusted to run at varying frequencies, allowing the solenoids to resonate in a definable
way. The solenoid plungers are rigidly connected to the damping pistons of the hydraulic shock
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absorption system allowing the solenoid resonance to be applied directly to the pistons of the
shock absorbers. The PWM can hence be adjusted to apply resonant stiction reduction. However,

as the pistons of the shock absorbers are not accessible when integrated into the MAVE, it was
not possible to measure the piston resonance with a stethoscope. Vibration tests on purpose built
test benches were also ruled out due to the risk of damaging other mechanical components. It was
hence decided to adjust the PWM freguency to lie within the mid range of the possible PWM scale,
400Hz. Measurable camera jJumping or inaccurate camera positioning does not appear to occur at
this frequency. IBM had similar stiction problems with their RS-1 (Model 7565) robot [52, 135].
They also used afrequency of 400H z to overcome the problem of inaccurate positioning.

APS 200 High current AC/DC converter. This board provides a stabilised, unregulated
DC input to the DC - PW modulators.

T1 High current AC/AC transformer. This transformer supplies 15V at 20A. AC
input to the APS200.

EF-2 AC/DC converter. This board produces a stabilised and regulated 12V output
to the CAMERA module.

T2 AC/AC transformer. This transformer supplies 15V at 0.3A. AC input to the
EF-2.

PSU min 2A || Thisisan optional component and is designed to extend this MAVE to be posi-
tion controlled. This power supply unit should have a regulated and stabilised
12V output and would supply the units SMC 1 and SMC 2.

DC-PW1, | DC/PWM. These units convert alow current DC input into a pulsed, high

DC-PW 2, | currentoutput. The maximum output israted at 6A. The pulsed output controls

DC-PW 3, || theactuation of the solenoids S1-S4.

DC-PW4

Camera Miniature camera with an interchangeable lens. The camera produces a stan-
dard video output at a frame rate of 50Hz.

SMC 1, These are optional components and are designed to extend this MAVE to be

SMC2 position controlled. These SMCs are identical to the ones found in figure B.2.

4.7 k These are optional components and are designed to extend this MAVE to be
position controlled. 4700Q resistors. Used to covert binary control signalsinto
LSL-level signals. These resistors must be included when using the standard
stepper motor controllers.

D1, D2, D3, || Thesediodes are used for extra circuit protection.

Bf P2 These are optional components. The potentiometers can give a direct feed-
back on the horizontal and vertical rotation of the MAVE. Thisis an electrical
implementation of muscle spindles.

S1, S2, S3, Linear actuators. These solenoids apply forcesin alinear direction. At contin-

A uous rating they have a power consumption of 10W.

SM 1, SM 2 || These are optional components and are designed to extend this MAVE to be
position controlled. Stepping linear actuators, based on the principle of stepper
motors.

MAVE 25 pin female D connector. The connection port to the Control Unit. Pinsare

PORT mapped one to one.

Table 3.5: Electrical modules of the mechanical MAVE.

Table 3.5 shows the core components that were used to build the MAVE. A corresponding
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circuit diagram isincluded in appendix B.

3.6 Hardware Performance and Calibration

The performance of most active vision systems is specified by acceleration, velocity, angular reso-
lution and angular range, but most of the literature reviewed for this research draws no comparison
with the performance of the human eye. Asthe system designed here is based specifically on prop-
erties of the human eye, it is only reasonable to draw comparisons.

Velocity tests were carried out with the maximum permissible PW of 70% and showed that
the mechanical MAV E can reach a speed of 930° /s. Thisis very close to the reported peak human
velocity of 900° /s [28].
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Figure 3.14: The left graph shows the maximum angular velocity for horizontal and vertical ca-
mera movements generated by the MAVE. The acceleration is continuous until the physical end
position is reached. The right graph shows the maximum angular velocity of horizontal and ver-
tical long human saccades (two subjects). The velocity decreases when approaching the target.
The horizontal lines mark the difference in reported maximum human eye velocity, measured in a
number of individuals. The angular rotation is displayed along the X axes and the velocity of° /s
isgiven along the Y axes.

Figure 3.14 compares the velocity graphs of the mechanical MAVE with velocity graphs of
the human eye. The experimental conditions for each graph were dlightly different, although the
minimum and maximum saccadic velocity range of the human eye is specified by the two hori-
zontal lines. The camera velocity curve, generated by each solenoid was measured five times and
plotted. There was no target onto which the camera was to foveate. Instead maximum actuation
was continuously applied to move the camera from one mechanical end position to the opposite
one. Inthe velocity graph of human eye movement, two subjects were instructed to perform long
saccades to defined positions. A difference can be observed between the saccadic performance of
the two individuals, although horizontal and vertical behaviours are very similar. The performance
of the mechanical MAVE, on the other hand, shows large deviations between horizontal and ver-
tical movements. This was to be expected and is due to the physical properties of the gimbal.
During vertical movements, actuators move the inner gimbal ring. During horizontal movements,
actuators move the inner and outer gimbal rings. This mechanical asymmetry can cause problems
for controllers that are not able to represent these asymmetric properties. Thisisfor example the
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case with the adaptive and non-adaptive controllers that are introduced in more detail in chapter 5.
These controllers would generate asymmetric camera positioning with target overshooting in the
vertical direction and undershooting in the horizontal direction. These mechanical properties can
be partially compensated for by the following software measure: If one assumes that controllers
generally control the activation time, but have no influence on the PW, it would be possible to
set individual PW values for each actuator that moves the gimbal. By setting a higher PW for
horizontal activation than for vertical activation, it should be possible to achieve a more balanced
gimbal positioning behaviour.
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Figure 3.15: PW calibration graphs for the software adjustment of horizontal and vertical PW val-
ues that compensate for the asymmetry of the mechanical gimbal dynamics. Each of the four
graphs was generated by running the adaptive saccadic controller for 50000 iterations on the
robotic hardware. The vertical PW values were fixed during each trial to: 43, 47, 51 and 55.
The horizontal actuator PW was incremented by 1, every 5000 iterations. Optima PW values for
the horizontal and vertical activations appear at graph locations with minimum error: XPW:50 /
YPW:43, XPW:54 /| YPW:47, XPW:58 / YPW:51 and XPW:62 / YPW:55. All four graphs were
smoothed by recursive averaging with a weight of 0.002.

The above calibration tests determine four optimal PW pairsthat can be used to compensate for
the asymmetric properties of the gimbal. The graphs also confirm the possibility of the software
compensation measure. Incrementing PW values are applied to the horizontal actuators, with
respect to a fixed PW value for vertical actuators. These tests are run on the adaptive saccadic
controller, defined in chapter 5. This controller triesto minimize the error between target positions
and the camera fovea, by applying a uniform activation factor to al four actuators, in accordance
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with an error function. If the positioning characteristics differ between horizontal and vertical
actuations, the positioning error increases. Figure 3.15 illustrates the process by which horizontal
PW settings are derived for agiven vertical PW value. It can be seen that the pixel error islowest
for horizontal PW values that are a value of seven greater than the vertical PW activation values.

This software compensation measure is not a perfect mechanism, but it is a simple measure
that enables a more symmetric control of the camera platform. PW pairs generated by these tests
are used in al following controller tests of this dissertation, including the simulator.

Nonstop trials have shown that the system can run reliably for durations in excess of 30 hours,
with a count of camera activations in excess of one million and target mirror activations in excess
of ten million. These trials also show that the solenoids, with avery low duty rating, are activated
for sufficiently short periods that prevent thermal damage. It is aso shown that tests can be run
for extended periods without the need for experiment supervision or intervention. However it
was also observed that fluctuations in the ambient temperature have an effect on the performance
of the active platform. As the ambient temperature increases, the mechanical MAVE appears to
“fatigue” and movements become slower and less controllable. This behaviour was measured by
running three temperature trials in the ranges: 15+ 1°C, 26 + 1°C and 34 4+ 1°C. During each
trial, the software conditions were identical. The laser target locations were generated with the
same random number seed and the PW was changed every 12000 iterations, without informing
the non-adaptive saccadic MAVE controller, discussed in chapter 5. This controller is particularly
well suited for these tests, as it is a mathematically simple controller and does not try to adapt
or compensate for changes in the environment. This means that any change in the environment
should have a significant impact on the evaluated performance of the MAVE controller.
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Figure 3.16: Error graphs that demonstrate the effect of ambient temperature on the performance
of the mechanical MAVE. The graphs were generated by running three trials with the non-adaptive
saccadic controller under identical target positioning sequences. For each trial the ambient tem-
perature was changed and set to one of three ranges: 15+ C, 26 + 1°C and 34+ 1°C. Thethree
curves were smoothed by recursive averaging with aweight of 0.002.

Figure 3.16 showsthe error graphs for the three trials. During the first half of the test (0-24999
iterations), al graphs appear to perform similarly well, but when the PW values change from
XPW:62 / YPW:55 to XPW:50/ YPW:43, the positioning capabilities start to vary considerably
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between graphs. Ambient temperature fluctuations between 15+ 1°C and 26 & 1°C clearly influ-
ence the performance of the mechanica MAVE, but the impact is lower than in the temperature
range between 26+ 1°C and 34+ 1°C. This is the case despite the fact that there is a smaller
temperature range between 26 + 1°C and 34 + 1°C than between 15+ 1°C and 26+ 1°C. The
figure also shows that the two lower temperature graphs start to significantly recover their perfor-
mance when the PW values increase to XPW:54 / Y PW:47, but the high temperature graph does
not exhibit such a strong recovery.

There are arange of components and a range of ways these components could be affected by
ambient temperature fluctuations. However, it is assumed that the hydraulic damping system is
most vulnerable. It may be that the polymer seal rings, fitted inside the shock absorber cylinders
expand and contract during ambient temperature fluctuations. This could be sufficient to change
the stiction properties between the pistons and the seal rings when the pistons travel in and out
of the shock absorber cylinders. As the temperature rises, the seal rings may be expanding at
a different rate than the steal pistons. A second possible reason could be due to changes in the
damping fluid viscosity. As the temperature of the damping fluid rises it could be assumed that
the viscosity of the damping fluid decreases. This means that the damping fluid disperses quicker,
alowing the pistons and seal rings to touch under less pressure and increase the friction. During
the last 25000 iterations of the trial at 34+ 1°C, it is assumed that the friction in the damping
system was sufficiently high to virtually prevent the movement of the gimbal altogether.

Asaresult of these observations, all following testsin this dissertation were run in the ambient
temperature range of 22.5+ 2.5°C.

3.7 Summary

This chapter introduces the physical experimental environment from the requirements analysis to
the implementation and test phase. Many of the details that were part of the development have
been omitted to demonstrate the essential thought processes that were involved in designing the
system. Some developmental stages were also discussed that led to modifications of the initial
design, which as a result had a beneficial impact on the final system. It is shown that a limited
budget and an often unconventional approach can be sufficient to devel op an active vision platform
that has some of the high level properties found in the human extra-ocular system.

The next chapter covers the software development and the simulator of the experimenta envi-
ronment.
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Softwar e Environment and Simulation

The software fulfills a whole range of essential tasks in the experimental environment, such as
communicating with the electrical hardware and scheduling between the laser and the Monocular
Active Vision Eye (MAVE) control programs. It also provides a development environment that
aids the structured implementation and testing of image processing, laser scanner and MAVE
control software.

This chapter describes the hierarchy and interaction of all major software components that
have been developed and integrated for this project. This starts by introducing the components of
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Figure 4.1 Hierarchical dataflow diagram of information flowing from the implementation level
to the control of the robotic hardware. The left side of the figure shows the logical software and
hardware components of the experimental environment. The right side of the figure defines the
categories to which the logical components belong.
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the hierarchical data flow model in figure 4.1. The simulator, in particular, forms an important part
of the development and is covered in detail in section 4.6. This covers mathematical models of the
view system and models of hardware properties that had to be simulated.

4.1 Implementation Level

The implementation level is the top interaction level between the user and the experimenta envi-
ronment, allowing image processing, laser target and MAVE control programs to be devel oped,
controlled and tested independently. This level aso has facilities that enable the user to control
the simulator or hardware directly over the keyboard or through a pipe from another program. For
monitoring the interaction and evaluating the performance of experiments, there are also analysis
tools that alow generated log files to be manually parsed and analysed. Task scheduling and log
generation is also configured from here.

Once top level control programs have been developed and compiled into the software envi-
ronment, experiments can be run and results processed without intervention by the operator. This
makes experiments repeatable, reduces the risk of exposure to laser radiation and alows long se-
guences of experiments to be run. Some experiments conducted for this dissertation have been
running without interruption for periods in excess of 8 hours.

Thisimplementation level utilises four files that control experiments which run on the experi-
mental hardware and three files that control experiments which run in simulation. The use of three
/ four files at this level aids the modular implementation of experimental components and allows
image processing controllers, laser target controllers, MAV E controllers and the experimental test
filesto be interchanged freely at compile time.

Image Processing Control Program Thisfileisinterchangeable and implements image analysis
and gaze control that determines where the camerais to point next. The software in thisfile
can be developed independently, without interfering with the MAVE control, laser target
control or experiment scheduling and analysis. Thisfileisonly used in hardware mode and
has no direct interaction with any other file in the implementation level. Hence there is no
need to set up scheduling or cycle times. The control level tests the state of returned datato
determine whether to use the default system image analysis or the software contained here.
The program should interface with the commands described in appendix A.

MAVE Control Program This file is interchangeable and contains the MAVE controller imple-
mentation, which moves the camera to the location specified by the Image Processing Con-
trol Program. The software in this file can be devel oped independently, without interfering
with image processing, the laser target control or experiment scheduling and analysis. The
program should interface with the commands described in appendix A.

Main Flow Control Thisfileisinterchangeable and contains the instructions that control the op-
eration of experiments. It specifies whether to use the simulator or the mechanica envi-
ronment and defines the scheduling parameters for the laser scanner and MAVE control
programs. This file also contains the log file processing commands that control what infor-
mation is to be stored for later analysis. The evaluation of the generated data can also be
controlled from here. Thisfile aso contains information for environment changes, which is
used for changing the experimental environment, without informing image processing, the
laser scanner or the MAVE control program. Thisis particularly useful when testing adap-
tive MAVE control programs that are expected to be able to adapt to changing operational
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conditions. The environment changing code and other control commands should interface
with the commands described in appendix A.

Laser Control Program Thisfileisinterchangeable and contains the control program that guides
the laser targets of the laser scanner. The software in this file can be developed indepen-
dently, without interfering with image processing, MAVE control or experiment scheduling
and analysis. The controller should interface with the commands described in appendix A.
A coding restriction for the laser controllers requires that control is returned to the sched-
uler, each time the laser controller has reached the new target position. The return of control
alows the scheduler to allocate time to the MAVE control program. The following figures
4.2,4.3, 4.4 and 4.5 demonstrate test patterns generated by laser target controllers that were
implemented as part of the software development phase. These prototype controllers were
not used to test the properties of the MAVE controllers investigated in this dissertation. The
smooth pursuit and saccadic test controllers are introduced later in chapter 6.

The following images were generated by running the stationary MAVE controller that points
the camera at the starting point of the test pattern, where it remains until the laser test pattern
has completed. Target locations were plotted each time a new target location was reached.
The figures show pairs of images, generated by the same controller. Left images were
generated on the mechanical environment, right images were generated in simulation.

Random

This controller produces randomly distributed laser target locations. Definable parameters include
the minimum and maximum distance between target locations and the radius of an imaginary
circle in which the random locations are distributed. The random pattern can also be set to be
repeated, running through the same target sequence several times.
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Figure 4.2: Random target positions, generated by alaser target control program and recorded by
the MAVE in a stationary position. The left image was produced by the physical robot, the right
image was produced in simulation.

Circular

The circular pattern controller generates laser target positions that are located along the line of an
imaginary circle. The starting position can be set and the clockwise or anticlockwise direction
in which the laser targets are to be positioned. Further parameters are the circle radius, the arc
between laser target locations and the number of pattern repetitions.
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Figure 4.3: Circular arrangement of target positions, generated by a laser target control program
and recorded by the MAVE in a stationary position. The left image was produced by the physical
robot, the right image was produced in simulation.

Rectangular

The rectangular controller positions laser targets along the lines of an imaginary rectangle, which
has a definable size and orientation. The distance between each laser target location and the
number of pattern repetitions is also definable.
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Figure 4.4: Rectangular arrangement of target positions, generated by a laser target control pro-
gram and recorded by the MAVE in a stationary position. The left image was produced by the
physical robot, the right image was produced in simulation.

Parallel

The paralel controller produces laser targets that are arranged along virtual parallel lines. These
parallel target arrangements can be generated horizontally or vertically with varying spaces be-
tween targets on paralel lines and between the lines themselves. The starting corner and number
of pattern repetitions can also be specified.
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Figure 4.5: Paralel arrangement of target positions, generated by a laser target control program
and recorded by the MAVE in a stationary position. The left image was produced by the physical
robot, the right image was produced in simulation.

4.2 Interface Leve

Thislevel controls the generation and assessment of log files. These are used to store performance
information about the MAVE and laser target controllers. Thislevel aso formsacommon interface
to the control libraries of the hardware and simulator. The task scheduler which switches between
the laser scanner and the MAVE control programs is also implemented here.

Eye Thisfileformsametalibrary asafront end to the simulator and robotic control libraries. This
permits laser and MAVE control programs to run on the simulator or mechanical MAVE,
without requiring modification. This modular design paradigm also enables the implemen-
tation of test tools that can access both, the simulator and robotic hardware.

Scheduling is aso implemented here and can be operated in two ways, either by allocat-
ing time dlices to the laser and MAVE control, or by allowing a certain number of time
independent procedure calls to the laser target and MAVE control. The latter operation
does not take account of time constraints and allocates CPU access each time a set number
of defined processes have been completed. This allows control programs with varying re-
source requirements to be scheduled, without having to modify time dependent scheduling
parameters. This enables the laser target program to terminate with the completion of the
MAVE control program, independent of the MAV E control program resource requirements.
This capability isimportant for the uniformity of resource independent performance analy-
sis. Experiments have shown that the controllers, tested in chapter 6, have a wide range of
resource reguirements.

A description of al commands accessible in this meta-library is given in appendix A.

Parser The log files, generated during experimental trials, are parsed and evaluated here. De-
pending on the type of experiments run, and the type of evaluation required, the parsing
process can be set to produce results in text or postscript format. This enables rapid printing
and inclusion of test resultsinto documents. Resultsin postscript format are shown through-
out this dissertation. These include the laser test patterns shown earlier in this chapter and
the error graphs shown in section 4.6.3 and chapters 3 and 6.

The interface specifications for the control of the parsing facility are included in appendix
A.
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4.3 Control Leve

The control level implements the simulator and the hardware control code. These are independent
files that share common structures and constants, enabling the interchangeability of the hardware
and simulator control. The simulator is modelled on physical properties of the laser scanner and
mechanical MAVE.

The implementation of the simulator is discussed in greater detail in section 4.6.

Eye_con The hardware control primarily converts calls from the interface level into device driver
calls. Some range checking and processing is performed to prevent ill-constructed hard-
ware calls that may damage parts of the electrical and mechanical hardware. Higher level
calibration tasks are also implemented, such as the calibration of the laser shutter and laser
mirrors.

Eye sim Thesimulator implementation forms amajor software devel opment phase of this project.
It simulates most of the environmental functionality illustrated in figure 3.1. Even though
development intensive, the simulator is an essentia tool that allows controllers to be tested
and trained before running them on the robotic hardware. This reduces learning time and
damage to the robot, especialy during initialisation of artificial intelligence (Al) controllers,
such as neural networks and genetic algorithms.

4.4 DeviceDriver Leve

Thedevice drivers are exclusively used by the hardware control code and are specifically designed
to interact with the robotic hardware. The implementation of this level was partialy aided by the
availability of third party open source products.

12C The 12C protocol was originally developed by the company Philips to reduce the physical
communication links between integrated circuits (ICs) and is used here to communicate
between the computer and the P8000’ 2 control board. The protocol software that accompa-
nied the P8000’ 2 was developed for single tasking MSDOS machines and had to be ported
to LINUX as part of the software devel opment phase of this research. Newer LINUX kernel
releases support 12C with a much higher timing accuracy. A P8000’ 2 board driver has also
been implemented that runs with the upgraded kernels [122]. Compile time libraries [55]
also exist that implement the I2C protocol, athough the timing accuracy has not been tested.

Bigphysarea Thisisathird party driver that controls the direct memory access (DMA) for image
capture. This helps utilise hardware capabilities of the computer when capturing image
sequences.

Meteor Thisisthird party software that controls the operation of the image capture board.

45 Hardware Leve

The hardware level is not part of the software, but is mentioned here to illustrate the interaction
between the hardware and the software. Hardware specifications were given in chapter 3.

4.6 Simulator

The simulator is an important component of the experimental environment asit alows controllers
to be tested and trained before they are run on the robotic hardware. Trials on a Pentium Il 450
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MHz with 256 MB RAM have shown that the simulator can reduce experimental trial times by a
factor of 96, compared to the performance of the robot.

The simulator implementation was the most time consuming software development stage of
this project, as it smulates most of the hardware device driver functionality that was devel oped
for the hardware level. It a'so simulates mechanical properties that have not been investigated in
this context before, in particular the use of solenoids for controlled camera positioning.

This section is not a mathematical excursion into vector and projection geometry, but it intro-
duces some of the key issues involved in simulating the experimental environment.

4.6.1 The Projection Model

The projection model is the framework of the simulator and sets up the fundamental geometric
representation. This model captures the projection dynamics, starting from the laser source to the
projection of laser targets on the screen and the capture of target images by the camera of the
mechanical MAVE.

1 Z2
i Screen

1 Z1

X1

Figure 4.6: A simplified projection system, used to model the laser target position on the CCD
array of the MAVE (scales, distance and distortions have been omitted here). Origin 1 represents
the origin of the laser beam and has the associated coordinate axes: X1, Y1 and Z1. Origin 2
represents the rotational centre of the gimbal, with the CCD array mounted slightly off centre.
The associated coordinate axes to Origin 2 are: X2, Y2 and Z2. The screen forms the projection
plane to which Y1 has the horizontal and vertical anglesy and 8. Y2 forms aright angle with the
projection screen in both horizontal and vertical planes.
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Figure 4.6 illustrates the simplified projection system that demonstrates the key features of
the projection model. This projection system utilises two origins, Origin 1 and Origin 2 with the
Screen as a common projection surface. The laser scanner in Origin 1 has a variable coordinate
system orientation to the projection Screen, defined by the angles y and 8. This enables the simu-
lator to be modified if the configuration of the physical environment changes at a later date. The
MAVE, located in Origin 2 is always assumed to be set perpendicular to the projection screen and
has a fixed coordinate system, with respect to the projection screen.

This two origin approach enabled the laser scanner and MAVE properties to be modelled in-
dividually and combined later. Inthe first model Laser Source to Screen Projection information is
projected from Origin 1 to the Screen. In the second model Screen to CCD Projection, information
is projected from the Screen, through the CCD array to Origin 2. The CCD array rotates around
Origin2 and simulates the movement of the camerain the mechanical MAVE.

The simulator code contains two high level procedure calls that implement these two projec-
tion models. The mathematical calculations that underlie these models can be found in [17, 72,
82, 96, 97, 123, 129] and are not covered here.

Laser Source to Screen Projection

The calculation of the laser source to screen projection isimplemented to afairly accurate degree,
asthe projection geometry from the laser source, figure 3.9, to the projection planeiswell defined.
The angular resolution of mirror rotations is also well defined, due to the use of stepper motors,
see section 3.2. From a higher level, this means that, for given laser target control commands, itis
possible to calculate the location of |aser targets fairly well. Trials have shown that the simulation
of the laser target system is accurate to within +0.825 for horizontal movements and +0.5°
for vertical movements. This error calculation also takes account of backlash, generated by the
reduction gears.
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Figure 4.7. Laser target projection grid. The left image was produced by overlaying an accurate
cartesian grid on the projection screen and measuring the location of laser target positions that
occur when rotating the horizontal laser mirror in steps of 1.5 from one end of the screen to the
other, then moving the vertical laser mirror by 1.5 and repeating the horizontal process. Theright
image represents a mathematical model of the measured positions.
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Figure 4.7 compares the position of laser targets on the physical projection screen to targets
on the simulated projection screen. The physical screen locations represent positions that were
individually measured on an accurate cartesian grid, reducing inaccuracies that could occur by
automatically measuring positions with a camera. The simulated locations are screen projections
through the mathematical model.

Screen to Camera Projection

The projection of laser target positions from the screen to the CCD array are also geometrically
well defined, as they follow asimilar projection model as that implemented for the laser source to
screen projections. The exception being that there is a projection from one plane in space to an-
other plane, instead of a projection from an origin to a plane. In the mechanical environment, this
projection isdightly distorted, dueto the lens of the CCD camera. The distortions are negligiblein
the image centre but increase towards the image perimeter. Small projection corrections towards
the image boundaries were implemented by mapping known real world locations to known image
locations, captured by the CCD camera.
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Figure 4.8: Laser target projection grid, viewed by the mechanica and simulated MAVE pointing
at the top left corner of the screen. The left image was generated by the physical hardware and the
right image was generated in simulation. The grids were generated by the same algorithms that
were used to generate the target locations in figure 4.7, but with a positioning resolution of 0.73
instead of 1.5°. The physical target locations were measured automatically by image analysis,
instead of manually measuring the positions. Distortion algorithms were aso implemented for the
simulation, to reflect the behaviour of the CCD lens.

Figures 4.8 and 4.9 show examples of the projection geometry, as observed by the stationary
camera pointing in fixed directions towards the projection screen. Similar to figure 4.7, the laser
scanner produces a grid of laser target locations on the projection screen. In these examples the
inter target spacing is reduced, generating a higher density of laser targets. The images compare
physical target locations on the left with simulated target locations on the right.
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The largest part of the simulator is taken up by simulating camera positioning as a result of
solenoid activation. This is due to the complexity of solenoid control here and the mechanical
The final relevant observation showed that the activation of solenoids produces two distinct
camera motions. In this context, these motions or movements are considered to be of primary or
secondary nature. Their definition is synonymous with that used in physiology, when describing

effects that solenoid activations have on the movement of the gimbal. In the experimental environ-

Figure 4.9: Laser target projection grid, viewed by the mechanica and simulated MAVE pointing
at the top right corner of the screen. The left image was generated by the physical hardware and

the right image was generated in simulation. The grids were generated by the same algorithms

that were used to generate the target locations in figure 4.8. The physical target locations were
So far the smulator model is geometrically well defined and commands passed from the high

level control produce similar results on the hardware and in simulation. The calculation of camera
movement is an entirely different matter. Asis shown in section 3.1, the camerais positioned by
solenoids which apply non-linear forces. Contrary to the control of stepper motors, there is no
defined positioning accuracy, and there is no literature that specifies the performance of solenoids
in the configuration used here. It should be remembered that solenoids usually move between two

physically defined positions.
ment, solenoids are controlled by activation time and pulse width (PW). The hardware is designed

to run with 64 individual PW settings, allowing a wide range of activation signal combinations.
generate gimbal movementsin al areas of the camera working envelope. PW values in the range

0 to 42 do generate camera movements but depend on the starting position of the camera in the
section 3.6. Solenoid activations in the lower PW range are influenced more strongly by ambi-
ent temperature than solenoid activations in the upper PW range. It was hence decided that the

simulation should focus exclusively on the upper PW range, as this would simplify the simulator

working envelope. A second influence that affects the camera control is ambient temperature, see
implementation.

measured automatically by image analysis. Distortion algorithms were aso implemented for the
Experiments have shown that only high activation times and PW values in the range 43 to 63

simulation, to reflect the behaviour of the CCD lens.

4.6.2 Solenoid Activation
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human eyeball positioning as aresult of muscle contraction. Horizontal and vertical camera move-
ments as a result of solenoid activation are referred to as primary or secondary, depending on the
relative magnitude of each movement component. Primary movements are larger than secondary
movements.

Primary motion / movement is primarily exhibited by the camera, if the direction of camera
rotation and the direction of solenoid activation are the same. Primary motion may not
occur if the activation parameters are too low and will not occur if a gimbal end stop is
reached.

Secondary motion / movement is primarily exhibited by the camera, if the direction of camera
rotation and the direction of solenoid activation are not the same. Secondary motion may
not occur under certain alignments of the camera and will not occur if no primary motion is
present.

For example: Primary camera movement occurs in the horizontal direction when generated by
the activation of asolenoid that isresponsible for horizontal activation. Secondary movement isthe
vertical movement component of the camera, when generated by the same solenoid. The presence
of primary and secondary motion can be observed in both vertical and horizontal directions. Most,
but not all primary movements are accompanied by secondary movement.

The implementation of the solenoid control and camera movement models relies on defin-
ing relationships between PW, activation time and the amount of primary and secondary camera
motion. The extraction of parameters that allow these relationships to be established can be auto-
mated, but requires knowledge about the mechanical MAVE camera position. The measurement
of camerarotation isimplemented here by using the laser target as a reference point.
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Figure 4.10: Plot of vertical gimbal rotation curves (top to bottom) for 21 PW settings. The
solenoid activation time is given along the X axes, and the distance travelled is given along the Y
axes. The left image was generated by repeatedly positioning the mechanical MAVE at the centre,
top gimbal end position and activating the solenoid for vertical downward movement. Activation
times started with Oms and were incremented by 1ms for each following activation. The gimbal
rotation was measured after each activation and corresponding graph locations were plotted. The
right image shows a mathematical approximation of the collected data.

Thefirst automated data acquisition technique generates a correlation model between PW, ac-
tivation time and primary camera movement. The camerais positioned at an end stop, a solenoid
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is then activated for a given amount of time and the amount of camera rotation is then measured.
The process is repeated with increasing activation times for the whole upper PW range and all
four solenoids. Figure 4.10 is agraphical representation of the data extracted and the correspond-
ing mathematical models generated. The models alow the simulation of camera positioning for
primary camera movements, starting from an end stop. As the solenoid activation forces are non-
linear and depend on the starting position of the camera (extension of the solenoid plunger), a
camera position dependent factor is introduced. This factor is taken directly from the manufac-
turer’s literature, figure 3.13.

The tested performance of this first solenoid activation model is demonstrated for two direc-
tionsin figure 4.11 and shows repetitive camera positioning for primary camera movements.
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Figure 4.11: MAVE positioning repeatability tests. These images show a comparison of position-
ing accuracy during repetitive camera movements on the hardware and in simulation. The test
environment was configured by pointing the mechanical MAVE straight ahead and positioning
the laser target in the centre of the camera image array. This set up the laser target as a central
reference point. After this basic configuration, two times five test batches were run; Before each
batch the mechanical MAVE was moved to the extreme top left camera position. This placed the
laser target into the bottom right corner of the image array. Batch 1: The solenoid for horizontal,
left to right movement was activated five times for aduration of 40ms and laser target positionsin
the image array were measured between each activation. Batch 2: The solenoid for vertical, top
to bottom movements was activated five times for a duration of 40ms and laser target positionsin
the image array were measured between each activation. The left image shows the results on the
hardware and the right image shows the results in simulation.

The first model captures most of the camera control properties that are implemented in the
simulator, but does not simulate secondary motion. Secondary motion occurs asaresult of primary
camera movement and is greatest towards the boundaries of the camera working envelope and
smallest towards the centre of the working envelope. The amount of secondary movement depends
on the starting position of the camera and the amount and direction of primary camera movement.
The acceleration and speed of primary camera movement, controlled by PW and activation time,
appear to play no noticeable role in generating secondary motion. For this reason it is possible to
neglect the control values for PW and activation time in this second model.
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The second automated data acquisition technique generates a correlation model between the
camera starting position and primary and secondary camera motion. Similar to the extraction
of the primary movement components, the laser target is again positioned as a reference point,
allowing the extrapolation of the camera position from this point. The camera is then moved
to extreme working envelope positions out of which maximum primary and secondary camera
motion occurs. The camera is then continuously moved from top to bottom and bottom to top,
or from left to right and right to left. The resulting secondary movement positions are extracted
for all four solenoids. The correlation between measured, accumulated primary and secondary
movement alows secondary motion to be calculated in simulation. Tests have shown that the
measured relationship between primary and secondary movement holds for any location within
the working envelope. Figure 4.12 is a graphical representation of the data extracted and the
corresponding mathematical model generated.
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Figure 4.12: Plot of secondary camera movements. The test environment for the left image was
configured by pointing the mechanical MAVE straight ahead and positioning the laser target into
the centre of the cameraimage array. This set up the laser target as a central reference point at 0.

The mechanical MAVE was then moved to the extreme top right position. Vertical solenoid acti-
vations were then applied, moving the camera from top to bottom and bottom to top. The process
was repeated until the accumulative vertical camera movement had reached 1600. This primary

vertical camera movement also produced a secondary horizontal camera movement, which started
at —30° and progressed to 7°. The right image shows a mathematical approximation of the data
collected. This data extraction and approximation process was also applied to measure the other
three directions of secondary camera movement.

The performance of the second model is tested for two directions in figure 4.13. The camera
is positioned at an extreme end stop from which camera activation produces a large amount of
secondary movement. Repetitive horizontal camera movements are then applied and the secondary
movement is measured.

After generating two models of mechanical camera movement properties, for primary and
secondary movements, it is possible to simulate the combined control of camera movement. The
simulation, similar to the hardware control, only requires information about PW and activation
time. The current camera position in the working envelope is stored by two variables. The activa-
tiontime, PW and camera position are used to calculate primary cameramovement. The calculated
primary movement and camera position are then used to calculate the secondary motion.
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Figure 4.13. Mechanica MAVE positioning tests for secondary camera movement. The images
show two tests for secondary vertical camera movement. The left image shows the results pro-
duced by the hardware. The right image shows the results produced in simulation. The test
environment for the hardware was configured by pointing the mechanical MAVE straight ahead
and positioning the laser target into the centre of the camera image array. This set up the laser
target as a central reference point. After this configuration, the following two tests were run: 1:
The mechanical MAVE was positioned at the extreme top left position and the horizontal actuators
were alternately activated for ten times, moving the camera from the extreme left to the extreme
right and back again. Position measurements were take each time an end position was reached.
2: The camera was then positioned at the extreme bottom right and the horizontal actuators were
aternately activated for ten times, moving the mechanical MAVE from the extreme right to the
extreme left and back again. Again position measurements were take each time an end position
was reached. During these tests, the camera exhibited secondary vertical movements from the
extreme top to the centre and respectively from the extreme bottom to the centre.

4.6.3 Simulator Performance

The results demonstrated in figures 4.11 and 4.13 only compare specific simulator properties with
the hardware. These are very specific but restricted tests, as the laser target is not moved and
the experimental cycles are very short. More realistic performance measures could be expected
when comparing the results of complete experimental trials, run on the hardware and in simula-
tion. This will inevitably reflect the performance of the camera controllers with regard to their
target foveation or fixation capabilities. However, it can also be assumed that the exposure to the
two operational environments will prompt the controllers to produce slightly different results. The
following investigations look at these differences in more detail, but the controllers and their be-
haviour are not compared in detail. While observing the results of this evaluation, it should be kept
in mind that the robotic hardware has unique positioning properties that are not position controlled
and vary, strongly influenced by external influences, such as ambient temperature fluctuations.

In the previous chapter, the non-adaptive and adaptive saccadic controllers, to be further dis-
cussed in chapter 5 and analysed in chapter 6, helped evaluate the performance of the robotic
hardware. The mathematical simplicity and close relationship between each of the controllers aso
makes them ideal tools for the evaluation of the simulator performance here. Tests are also run
on the non-adaptive and adaptive smooth pursuit controllers. The log file parsing facility of the
developmental environment allows simulator and hardware error graphs to be merged, providing
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agood comparison method for the controllers run on each platform. Figures generated in this way
form a central method for evaluating the simulator capabilities.
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Figure 4.14: Simulator and hardware performance comparison for complete experimental runs of
the two saccadic controllers. The graph on the left compares the simulator and hardware perfor-
mance of the non-adaptive version. The graph on the right compares the simulator and hardware
performance of the adaptive version. The four curves in the two graphs were smoothed by recur-
sive averaging with aweight of 0.002.

Figure 4.14 compares the performance of the non-adaptive saccadic controller and the adaptive
saccadic controller in simulation and on the hardware. The dashed vertical lines in each graph in-
dicate test environment changes at which the PW values were altered. The laser scanner controller
and MAVE controllers are not informed of these changes.

The performance of the non-adaptive controller in the left graph changes each time the PW is
modified. The shape of the plot generated in simulation is similar to that generated on the hard-
ware, but the relative error amplitude between them differs considerably. This suggests that the
general model underlying PW processing appears to behave similarly in simulation and on the
hardware. It also suggests that there is a continuous discrepancy between the simulator and the
hardware. This discrepancy is hard to explain by only analysing the graph and could be a funda-
mental fault within the simulator or be due to minor inconsistencies between the simulator and the
hardware. If this discrepancy is due to inconsistency, it may be assumed that this type of MAVE
controller is very sensitive to these differences and demonstrates this in the error graph. In fact, it
can be shown that a small reduction of the scaling constant s, (see section 5.2 for details) is suffi-
cient to generate a simulation plot that is very close to the result generated on the hardware. The
nearly indistinguishable error plots of the adaptive controller on the hardware and in simulation
do not confirm, but can support this claim, as this controller adapts by modifying the value of s
(see section 5.3 for details).

Figure 4.15 shows test runs of the non-adaptive smooth pursuit controller on the left and of
the adaptive smooth pursuit controller on the right. The PW values were changed in the same way
here, as was the case for the saccadic tests.

Again, the performance of the non-adaptive smooth pursuit controller changes each time the
PW is altered, but the curves do not appear to be shifting in the same way as is the case with the
saccadic controller. The curves exhibit a sinusoidal behaviour, which is due to the target pattern
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Figure 4.15: Simulator and hardware performance comparison for complete experimenta runs of
the two smooth pursuit controllers. The graph on the left compares the simulator and hardware
performance of the non-adaptive version. The graph on the right compares the simulator and
hardware performance of the adaptive version. The four curves in the two graphs were smoothed
by recursive averaging with aweight of 0.002.

(see section 6.2 for more information), but the most extreme difference occurs during the trial
phase with a PW setting of XPW:62/ YPW:55. At this point the hardware performance degrades
significantly and error spikes overshoot the upper range of the scale. During this phase of the test,
the mechanical MAVE falls into an oscillating behaviour, moving the camera from one side of
the working envelope to the other. As the smooth pursuit controllers operate in a similar way as
the saccadic controllers, it could again be assumed that a modification of s (see section 5.2 for
details) would have an effect on the performance of the controller. Indeed, the adaptive smooth
pursuit controller test can again confirm that s does play a considerable role in the performance
of the controllers. The error graphs of the simulator and hardware are at times so similar that
there appears to be hardly any difference between them. The adaptation during PW change is
noticeable and expected. It shows again that the simulator, compared to the hardware, does appear
to have similar properties, but the cause for the extreme performance difference of the non-adaptive
controller still needs to be investigated. Asis shown in the error graph and was apparent during
the test, the camera oscillates and overshoots the target at certain PW values on the hardware. In
the simulation, this does not appear to be the case. Figure 4.16 shows another representation of the
left graph in figure 4.15. The curves generated by the simulator and by the hardware are plotted
separately and are not smoothed. It becomes apparent that the average error of the simulator is
lower than that of the hardware which is also evident in figure 4.15, but the simulator now also
shows error peaks at XPW:62 / YPW:55. Thisindicates very inaccurate camera positioning and
oscillation. The oscillation is not as strong in simulation as it is on the hardware, but as has been
shown, the overall error performance islower on the simulator than on the hardware, which could
account for the fact that the oscillation is also lower.

Although these tests measure the performance of the simulator by analysing error graphs gen-
erated by controllers that run on the hardware and in simulation, the performance of the simulator
most certainly can reflect general characteristics of the hardware. For the experiments run in chap-
ter 6 this is more than sufficient, as the simulator primarily serves to protect the hardware from
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Figure 4.16: Simulator and hardware performance comparison for complete experimental runs
of the non-adaptive smooth pursuit controller. The output in these graphs is not averaged, high-
lighting the error of every individual camera to target location. The graph on the left shows the

controller performance on the hardware. The graph on the right shows the controller performance
in simulation.

damage that may be caused by initial training periods of evolutionary or neural controllers. The
simulator also provides a fast assessment system that helps assess the performance of prototype
controllers.

47 Summary

The implementation of the software, outlined in this chapter, marks a major milestone of the
project. It brings all areas of the research environment together. A general overview of the soft-
ware hierarchy is first introduced, after which the individual components are covered in more
detail. Thein depth coverage of the simulator, in particular, conveys central issues that also aid the
understanding of the control involved in operating the physical environment. |llustrations through-
out the chapter compare data extracted from the hardware with data generated in simulation.



Chapter 5

Controllers

A range of experimental, low-level camera controllers are discussed in this chapter, which are es-
sential for the movements of the Monocular Active Vision Eye (MAVE). These controllers use a
simple target detection algorithm, which is part of the experimental environment and implements
visual processing that returns no more than one unambiguous target location in animage grid. This
type of target location representation avoids the need for selective gaze control algorithms. The
low-level actuator controllers can utilise the image grid data directly in order to foveaté the ca-

meraon the target position. Thistype of low level camera control isnot necessary in conventional
position controlled active vision heads as they can be repeatedly positioned without requiring im-
age feedback.

Two principal types of actuator controllers are discussed here: “saccadic” controllers, which
enabl e ballistic camera movements to target |ocations and “smooth pursuit” controllers that enable
tracking of targets. There are various control methods that enable the implementation of such
controllers and the following sections introduce a combination of eight possible controllers and
their main operational features.

51 Stationary Benchmark Controller

This controller isin a category of its own. Saccadic test patterns and smooth pursuit test patterns
can legitimately be tested on this controller alike. The controller is the simplest model imple-
mented here and is primarily used to measure the performance of target test sequences.

On engaging this controller, the camera is foveated on the initial target test pattern position,
after which no more camera movements are performed. The initial target position of all target
patterns in the experimental environment forms a central point around which all further target
locations are distributed. Foveation on this point ensures that the camera is able to observe all
following target locations that are part of the generated test pattern, without the need for camera
repositioning.

IFoveate is used here to indicate active camera positioning that places an image of the target onto the centre of the
CCD array.
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5.2 Non-Adaptive Controllers

The non-adaptive saccadic and smooth pursuit controllers implement aclosed |oop, negative visual
feedback mechanism, similar to that described by Young [133] p44. The central operation of both
the saccadic and smooth pursuit systems are very similar to each other, except for the value of
the scaling constant s and the actuator control rates. The common features of the controllers are
introduced first.

The controllers measure the distance between the camera fovea and the target location and
then try to minimize this error vector. The error is minimised by multiplying the horizontal and
vertical vector components of the error with a scaling constant. The products are then passed to
the activation unit that performs camera activation for the durations specified by the calculated
products. Figure 5.1 shows a block diagram of the controller architecture that underlies both the
saccadic and smooth pursuit control.

Target Camera
Position Derive Actuator Position
Activation Time a Control fF
D(e) M(a, f)

Figure5.1: Linear, non-adaptive, servo mechanism for thelow-level control of camera positioning.

The mathematical model for this controller architecture is as follows:

1. Measure the two dimensional error vector e, which lies on the image plane between the
foveaf and the target position t. |e| isthe error that is to be minimised:

e=t—f (5.1

2. Calculate the activation vector a that defines the actuator activation times for horizontal and
vertical movements. sis ascaling constant that is specific to the type of control that isto be
performed by this controller, either smooth pursuit or saccadic movements:

a=se (5.2

3. Engage the camera control with the activation vector a which generates a new camera posi-
tion f':
' =M(af) (5.3)

4. Goto step (1).
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5.2.1 Saccadic

The saccadic controller isintermittently sampling and two control cycles are typically applied for
each new target location. This means that after the target has been moved to a new location, the
controller is permitted to perform two saccades in order to minimize the error between the target
and camerafovea. Thisalows one large saccade to be followed by one smaller corrective saccade.
Thisisin line with the saccadic control behaviour of the superior colliculus controller, discussed in
section 5.5 and the physiological literature that confirms the presence of large saccades, followed
by smaller corrective saccades [7, 11, 99].

The scaling constant sis set to 0.134. Thisvalue was derived by running the adaptive saccadic
controller, discussed in section 5.3, for 10000 iterations with XPW:58 / Y PW:51.

5.2.2 Smooth Pursuit

In nature, smooth pursuit control is believed to be continuously sampled, but the smooth pursuit
controller described here is strictly speaking intermittently sampled. This is due to the configu-
ration of the computing device on which the controller is run. However, experiments in the next
chapter are set up to provide an environment that enables a very high sampling rate and small
changes in adjacent target |ocations between each control cycle. In contrast to the saccadic con-
trol implementation, the smooth pursuit control allows not two but only one position update, each
time the laser target is moved. This simulates a correction of the dlip error that is produced by the
pursuit controllers.

The scaling constant sis set to 0.251 and was derived in the same fashion as was the scaling
constant for the saccadic controller, but here using the adaptive smooth pursuit controller. This
value is high, compared to that of the saccadic controller and is due to the fact that the typical
error during pursuit is much smaller than that during saccades. The activation time that controls
the actuators is not proportional to the error or the distance that the camera has to travel. This
is due to the fact that an initial period of activation time is spent on building up a sufficiently
strong magnetic field, before any motion takes place. Further activation, beyond reaching this
threshold, will result in movement of the camera. The scaling constant needs to take account of
this behaviour. It can be assumed that this initial “start-up” timeis, on average, the same for both
smooth pursuit and saccadic movements. This s reflected in the high scaling constant for smooth
pursuit. It ensures that activation times are large enough to overcome the “start-up” time and then
gtill move the camera, even with very low target errors that are passed into the smooth pursuit
controller.

5.3 Adaptive Controllers

The adaptive saccadic and smooth pursuit controllers are an extension of the controllers discussed
under section 5.2 and the controller devel oped by Johnson and presented by Milhorn [79]. Similar
to the controllers in the last section, the central operation of both the saccadic and smooth pursuit
controllers are very similar to each other and their common features are discussed first.

In contrast to the last two controllers discussed, the adaptive controllers use s as avariable and
not as a constant. Every time the camera is repositioned, the error is measured and used to adjust
the value of the scaling factor s. The greater the error, the greater the adjustment to the scaling
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factor s. sisincreased if the fovea undershoots the target and is decreased if the fovea overshoots
the target. Figure 5.2 shows a block diagram that outlines the operation of the adaptive saccadic
and smooth pursuit controllers.

W(e)
Weight
Adaptation

s
Target Camera
Position Error Derive Actuator Position
t € Activation Time a Control f

D(e) M(a, f)

Figure 5.2: Linear, adaptive, servo mechanism for the low-level control of camera positioning.

Thefollowing mathematical model describes the operation of the adaptive control architecture:

1

Measure the two dimensional error vector e, which lies on the image plane between the
foveaf and the target position t. |e| isthe error that is to be minimised, see equation 5.1.

Calculate the activation vector a that defines the actuator activation times for horizontal and
vertical movements. sisascaling factor that is subject to change, see equation 5.2.

. Engage the camera control with the activation vector a, which generates a new camera

position, see equation 5.3.

. Measure the two dimensional error vector €, which lies on the image plane between the

foveaf’ and thetarget position t. € isthe error that remains after the last camera movement.
€ is used to evaluate the performance of the last camera movement:

g=t—f (5.4

. Calculate the weight adaptation for § from the remaining error €. v defines the weight of

the error € in the calculation of S. p is a negative penalty constant that is used when the
foveaf overshoots the target t:

s+ |€|vp if acos( &€ ) >90° Target overshoot.
g >l ellet (5.5)

s+|€lv if acos(§% ) <90° Target undershoot,

6. Goto step ().

5.3.1 Saccadic

The controller is intermittently sampled and applies two control cycles for each new target lo-
cation, as is the case with the previously discussed saccadic controller. After each saccade is
executed, the remaining error between the target and the foveais used to change the weight of s.
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The scaling factor sisinitialised to 0.134 for saccades and is alowed to change as the control-
ler adapts to the environment and other properties of the experimental set up. The penalty constant
p is set to —10.0, which encourages target undershoot with the first saccade and closer target
positioning with the following corrective saccade. v is set to 0.00001 and was experimentally
determined, by initially setting v to 1 and reducing the value gradually until an equilibrium was
reached. Larger values cause camera positioning to oscillate between target over- and undershoot.
Smaller values do not cause oscillation but reduce the adaptation speed by which the controller
can adjust to new experimental conditions. Asthe saccadic target pattern presents target locations
with a random distribution, error values passed into the controller can fluctuate significantly. v is
therefore set very low and prevents s from adapting quickly to large changes in e. If the generated
target locations were evenly distributed and required saccades of similar magnitude, v could be set
to alarger value, alowing sto adapt at afaster rate.

5.3.2 Smooth Pursuit

The controller is sampled in a similar manner to the smooth pursuit controller previously dis-
cussed. The only difference being that the image is sampled twice per control cycle, instead of
only once. Thisis necessary to evaluate the image dlip after the camera position correction, which
allows the scaling factor s to be adjusted.

The scaling factor sisinitialised to 0.251 and is allowed to change as the controller adapts to
the environment and other properties of the experimental set up. The parameter p isagain set to the
value —10.0, encouraging slip correction not to overshoot the target. This helps compensate for
oscillation that can occur in the non-adaptive version of this controller. Thevalue v isset to 0.0002
and was derived in the same way as was the case for the adaptive saccadic variant. Increasesin this
value show oscillations and decreases reduce the speed of convergence. In contrast to the saccadic
target pattern, the pursuit target pattern produces target locations that are evenly spaced, but in
random directions. This means that e does not change much from one target location to the next.
s can therefore be allowed to adjust quicker to changesin e, giving v alower value.

54 Combined Least Squares Controller

The combined least squares controller is alogical extension to the adaptive saccadic and smooth
pursuit controllers from the previous section. This controller has two parallel control paths, one
implementing saccadic control, the other implementing smooth pursuit control. The switch to
these paths operates by thresholding the absolute error between the fovea and the target location.
If the error is above acertain value, the saccadic path isfollowed, otherwise the controller performs
smooth pursuit. Once a control path has been selected, the camera remains in this mode until all
associated control steps have been completed. This means, for example, that if the mode switch is
set to saccadic control, the saccadic controller will perform up to three saccades in the attempt to
foveate the target, even if the first saccade should prompt the switch to change to smooth pursuit.
The individual control paths are similar to those of the adaptive saccadic and smooth pursuit
controllers. Both controllers try to minimise the error between the fovea and the target, either
by saccades or by dlip error correction. The performance of these camera movements is assessed
by the difference in fovea and target error, before and after camera movements. There are two
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fundamental changes to this controller, compared to the previous adaptive controllers. First, the
saccadic path can execute between zero and three saccades, instead of exactly two, in order to
foveate. This mechanism is biologically more plausible, as humans also apply a varying number
of saccades to foveate on a target. Second, the scaling factor mechanism s, which assumes a
factorised relationship between the camera activation time and camera to target error is replaced
by the weights wy, (ws and wy, for saccadic and pursuit respectively). These weights are variable
factors that are used to calculate activation times and are polynomial results of the fovea to target
error. This means that the activation times are not only the product of the foveato target error and
an activation factor, but are a polynomial result of the foveato target error. As aconsequence, the
activation weights are far more capable of adapting to the physical properties of the Monocular
Active Vision Eye (MAVE) and behaviours of the laser test patterns. Although this method can
adapt better to changes in target behaviour over the entire visual range, the controller requires
more time to adapt to changes in the physical camera dynamics. Thisis due to the fact that more
information is required to invoke changes in the saccadic and pursuit functions.

The following diagram shows the logical structure of the controller with the dual control path:

i

| Pursuit Weight Derive
Cadlculation Wb Activation Time
R (&) D(e Wb, )
3
B (X
Least Squaresfor |_ | .| Saccadic Weight
Pursuit Data Calculation
Lo (&0 ) R(e) a
(X
o ®
Mode Least Squaresfor |_ |
Switch & Saccadic Data
Error Ls(es,w)
>
e
Target Camera
Position Actuator Position
t Control f
M(a, f)

Figure 5.3: Dual path adaptive feedback mechanism for the combined control of smooth pursuit
and saccadic camera control.

The mathematical model describes the operation of the adaptive dual path control architecture.
In this context, nisused to refer to the saccadic or pursuit path, whichin figure 5.3 are symbolised
by sand p respectively:

1. Measure the two dimensional error vector e, which lies on the image plane between the
foveaf and the target position t. |e| isthe error that isto be minimised, see equation 5.1.
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. Decide whether |e| should be minimised by saccadic or smooth pursuit control, with
being the error provided to the saccadic or pursuit path:

if |e] >b Saccadic Path.
g8 Cl ‘ (5.6)
e, if |e[<Db Pursuit Path.
. Calculate the activation weight w,, which isafunction of the absolute error |g|:
Fn(len]) = wn (5.7)

. Derive the activation vector a that defines the activation times for horizontal and vertica
camera movement. This calculation performs the same operation as that found in equation
5.2, athough the scaling value w, is derived differently:

a=wye (5.8

. Engage the camera control with the activation vector a, which generates a new camera
position, see equation 5.3.

. Measure the two dimensional error vector €, which lies on the image plane between the
foveaf’ and thetarget position t. € isthe error that remains after the last camera movement.
See equation 5.4 for details.

. Bypass the mode switch and follow the path already set:
o — €s ?f le > b Sacca.dic Path. (59)
€p if |e <b Pursuit Path.

. Derive an activation weight W, for the error |e,| to form adata pair (|en|,wWn)n that is added
to the looped data pool for least squares calculations. W, should be an improvement to w,
for the argument |e,:

e (5.10)

len[[€n]
<90° Target undershoot.

” Fa(len]) + Fn(|€n])vp if acos( 2x€) > 90° Target overshoot.
" ) Falen) - Fa(l€n)v  if acos

len[len!

. Derive the coefficients ¢y to ¢y, of the m degree polynomials F,(x) by calculating the least
squares approximation to the pool of data pairs (X, Vi)n. Note that an algorithm optimisa-
tion allows each matrix location to be computed by no more than two multiplications, two
factorised subtractions and two factorised additions:

[yx®  yxt o yx™] (3 %]
0 = =0 =
Co
C1 izé( 5 izc))( s izé(i " izé(i g
=1 - - x | (5.11)
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Generate new weight calculation functions F',(x) with the coefficients ¢y to cy:
m .
Fnx) =S ¢x (5.12)
2,

Go to step (1).

An outer loop controls for how many iterations each of the two paths can run, before returning

control to the experimental environment. If in smooth pursuit mode, control is given back each
time one cycle of the loop has been executed. If in saccadic mode, control is given back to the
environment after no more than three cycles or as soon as the fovea is within five pixels of the
target. Other values and constants used in this controller are defined as follows:

b is the switch threshold which determines the control path within the controller, either
saccadic or smooth pursuit. Thisvalueis set to 40 pixels and was derived by approximating
the maximum error produced by the smooth pursuit target controller.

i represents entities of (x,y)s and (x,y),, data pairs that are used to derive the polynomials
Fs(x) and Fp(x). There are typically 450 data pairs for each of the two polynomial calcu-
lations. There is no fixed rule by which this value was derived, but smaller values result in
faster data approximations and large fluctuations between consecutively derived polynomi-
as. Larger values alow a smooth progression from one derived polynomial to the next, but
adaptations are slow.

m specifies the degree of either the saccadic and smooth pursuit polynomials F(x). Fs(x) is
set to 2 and Fy(X) is set to 4, which describes polynomials of the following form: K(x) =

CoX2 + C1X + Cp and Fp(X) = cax* + c3x® + CoX% + c1X + Co. These degrees of polynomials
were determined experimentally and were found to produce the best results. Polynomials of
lower degree produced worse positioning results and polynomials of higher degree produced
no noticeable improvement.

p specifies the negative penalty that is applied to camera activations when targets are over-
shot. Thisisset to -10 and isidentical to the value used for the adaptive smooth pursuit and
saccadic controllers.

v is the weight with which modifications are applied to the second value of data pairs that
enter the data pool. The value is set to 0.06 for both saccadic and pursuit calculations. This
value is directly linked to i. Both the least squares calculation, using i and the weighted
average, using v are approximation techniques that influence the behaviour of F(x) and
Fs(x). During the calibration of i, v also had to be modified. Large values for i and small
values for v cause small changes in Fy(x) and Fs(x). Small values for i and large values for
v cause large changes in F,(x) and Fs(x), which also leads to camera oscillations.

Although this controller adapts more slowly to changes in the mechanical properties than

the previously discussed adaptive controllers, it forms a very important first step away from the
experimental environment and towards the implementation of a gaze control algorithm that can
interact with the natural environment. In nature targets behave unpredictably and eye control

needs to be able to switch between smooth pursuit and saccadic movements.
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5.5 Dog Net Controller

The dog net controller used here was previously implemented by Christopher Burdess [24], fol-
lowing the implemented model of the superior colliculus by Hege Ritter et a [98] and can learn
saccadic motor control. This controller has, until now, not been tested in hardware, due to the lack
of adequate hardware systems. A related model [12] does, however, exist that has been imple-
mented on a conventional active vision head, but it requires the conversion of activation weights
into arange of motor control signals. Theinitial work behind al of these controllersis based on the
foveation hypothesis by D. A. Robinson [103], which was discussed in more detail in subsection
2.2.1.

Wi

Figure 5.4: Simplified schematic of the dog net architecture. Black nodes represent the location of
stimulation (v;), grey nodes represent the lattice units (W) and white nodes represent the direction
and length of saccades (w°). The valuei is the node index and lies in the range 0 to 599.

This neural controller implements a topologically conserving feature map with one layer of
input nodes and two layers of neurons that simulate the behaviour of the superior colliculus. Figure
5.4 shows a simplified schematic representation of the dog net structure. The original network and
the one implemented here use 600 nodes in each layer, arranged in two sets of 20 concentric rings
with 30 nodes each. One layer represents the location of stimulation in the field of view (black
nodes), the second layer represents the location of the lattice units (gray nodes) and the third
layer represents activation weights that are associated with the locations of the lattice nodes (white
nodes).

Inthe original implementation, the direction and length of saccades was represented by vectors
(W) that pass from lattice node locations (W) to the centre of the network. This is represented
graphically in the left image of figure 5.5. It is clearly visible that the saccadic weights from each
lattice node location do form a vector that points nearly perfectly into the centre of the network.
While porting this dog net to the developmental environment, it was not possible to retain this
representation of activation weights. The activation weights were replaced by activation times
which are required by the physical and simulated solenoids to move the camera into the fovea.
However it is still possible to display these weights in a graphical fashion. Thisis shown in the
right image of figure 5.5.
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‘Saccade confguration ater: 16000 cycles —— Weight configuaton ater: 16000 cycles ——

Figure 5.5: Graphical representation of the saccadic weights (W) for the dog net. The image on
the left shows the weight representation as is used for the original dog net. In this case the length
and direction of the weights represent lines from network nodes to the centre of the network. The
image on the right shows the weight representation as is used for the mechanical MAVE. The
length and the direction of the weights represent activation times for the camera actuators.

The lattice locations of the dog net can also be displayed in a graphical fashion. Thisis shown
in the left image of figure 5.6. The target pattern of the original dog net produces target locations
with a Gaussian distribution, placing the lattice nodes in a fairly even distribution. The lattice
nodes of the ported dog net are shown in the right image of figure 5.6. It is directly apparent
that the distribution of the lattice nodes is very much distorted, compared to the locations of the
original dog net. Thisis purely aresult of the target pattern used on the MAVE. It was necessary
to compress the Gaussian distribution of target locations horizontally to prevent the camera from
hitting physical end positions.

Latice conf

guratio afer: 16000 cycles —— Latice configuraton ater: 16000 cycles ——

Figure 5.6: Graphical representation of the lattice node locations (w) for the dog net. The image
on the left shows the locations generated by the original dog net. The symmetric distribution of
the nodes is generated by target locations that have a Gaussian distribution. The image on the right
shows the lattice node locations as is generated by the mechanical MAVE.
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The graphical representation of the original and ported dog net controllers in figures 5.5 and
5.6 show the weight topology after 16000 iterations. After this number of iterations, the lattice
locations and the saccadic / activation weights have become fixed and the network stops adapt-
ing. Assmall test sequences in the previous chapters have shown, the activation behaviour of the
MAVE does not follow a linear pattern, and activation times can differ considerably, depending
on arange of external influences. This leads to the assumption that the performance of the dog
net may vary on the MAVE, depending on the degree of convergence and influences from the
experimental environment.

The algorithm that implements the model of the superior colliculus operates as follows:

1. Present atarget vector V- which lies between the fovea f and the target t.

Vb=t —f (5.13)

2. Determine the centre of excitation c- in the lattice wk, by minimising |v- —w | through the
following condition:
ct=wh for |vE—wjk| < Vb —whvi (5.14)

3. Perform the learning step to form a Kohonen-like topol ogy-conserving map onto the lattice.
The Gaussian neighbourhood function I‘tCL i o) (equation 5.22) and the learning rate decay

with ot and n* respectively (equation 5.23):

AW = wi +nthi ;o) (V- —wp)Vi (5.15)

4. Calculate the activation vector & centred on ¢, by summing and averaging the Gaussian
distributed activation weights. Then trigger the saccade:

S
s z' c'—lo'—W

5.16
z' (ct,i,ab) ( )

5. Measure the new target vector v° which lies between the fovea position f and the target
location t:
vVi=t—f (5.17)

6. If theimageis now in the fovea, i.e. V3| < I'tovea, 9O tO StEP (1).

7. Find the new centre of excitation ¢ in the lattice w-, by minimising |v° — wk| through the
following condition:
cS=wy for VS —wh| < VS —whvi (5.18)

8. Calculate the activation vector & on ¢S, by summing and averaging the Gaussian distributed
activation weights. Then trigger the second corrective saccade:

S
g z' (.SIO'SW
a _7

(5.19)
Z' (cS,i,05)
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9. Measure the new target vector v which lies between the fovea position f' and the target
location t:
VS =t—f" (5.20)

10. If this corrective saccade is an improvement, i.e. V¥ | < |vS|, perform the saccadic weight
learning step. The Gaussian neighbourhood function Ff'CL i 09) (equation 5.22) and the learn-

ing rate decay with o° and nS respectively (equation 5.23):

AW = WP nhE, | s (85485 —wP)Vi (5.21)

(ct,i,c8
11. Goto step (1).

The terms h'(-ui %) and hf’u o) € simple Gaussian functions of the distance |i — u| between
circumferential and radial network locations ¢ and r, depending on d and 0°, which decrease as

the network converges:

20

o (W(ns‘n(mn(rus'n(”gw))%((ncos(zaﬂ*))(rucos(zzcu)))z)
(u7|70)—eXp

(5.22)

The learning rates n- and nS also decrease as the network converges, according to standard expo-
nential decay, witht indexing the network learning cycles. The parameters used here are identical
to those of the original dog net implementation. Burdess [24] does not specify how these values
were derived, but this type of network is very robust and other parameter combinations may also
be possible.

“... the neighbourhood size is reduced with time during the training sequence. But
how quickly do we reduce it and to what final size? Unfortunately there are no hard
and fast rules for adaptive training algorithms of this nature and some experimentation
will be required in individual applications. However Kohonen does stress that his
method is not one that is brittle — that is, small changes in system parameters do not
reflect gross divergence of training results... ” R. Beale and T. Jackson [13], p119

L(t) = 10 exp (—0.0003t) (5:23)

= 3 exp (—0.0003t)

Ascan be seen in the saccadic weight learning rule from equation 5.21, asaccadic weight adap-
tation is made each time two consecutive saccades produce an improvement on target foveation.
Thereis no mechanism that specifies what type of action should be taken if a saccade wasto over-
shoot the target or produce a worse result. This means that in a non-linear environment, such as
that of the experimental environment, it can be expected that the controller will produce undesir-
able results, possibly by constantly overshooting or undershooting the target.
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5.6 Adaptive Dog Net Controller

As the camera control and the experimental environment are dynamic and subject to change, it
can be assumed that an adaptive neural network would be better at responding to changes than a
converging one. The following network consists of a converging and a non-converging layer of
neurons and is derived from the previously discussed dog net model. In this version, the lattice
node positions of the network are allowed to converge, just like the previous model. This has two
reasons. First, the lattice node positions are not heavily influenced by the controlled changes of the
experimental environment. Second, the saccadic activation weights are relative to the location of
the lattice nodes. This means that if the lattice nodes change their location, the saccadic activation
weights would also have to be changed accordingly.

The saccadic weights can either converge to fixed values, or change in response to the dynam-
ics of the experimental environment. This operation is controlled by atering the decay of rf and
0°. They do not converge as a function of t. In this version, equation 5.23 is replaced by equation
5.24, which allows the saccadic activation weights to decreased as well as increase as a function
of e.

Nt (t) = 0.3 exp (—0.0002t)
nS(e) = 0.3 exp (—0.0001e)
t) = 10 exp (—0.0003t)

( (5.24)
o5(e) = 3 exp (—0.0003¢)

eis steadily incremented with t if the fovea does not overshoot the targets. As soon as target
locations start to be overshot, e is decremented, reversing the convergence of the saccadic weight
adaptation.

; VS o
_ e—1 |if acos( VS;!'V:') > 90° Target overshoot. (5.25)
e+1 if acos( ‘\\,/S|.|\\//SY|> < 90° Target undershoot.

The changes in this controller do not influence the learning rule of the dog net, that combines
the weights of two consecutive saccades, if they are an improvement to the first saccade. Similarly
to the original dog net, it can be expected that this controller will also allow target overshoot
and a low performance to the non-linearity of the environment. The overall performance of the
network should however be an improvement on the previous one, especially when confronted with
environment and PW changes.

57 Summary

This chapter introduces camera controllers that enable the MAVE to pursue and saccade to tar-
gets, which are generated in a controlled environment. The design of these controllers is based
on existing theories about the low-level control of human eye movements that could so far only
be tested in ssimulation. These cover in particular control theoretical and neura controllers with
adaptive and non-adaptive variants. Mathematical and diagrammatic representations help convey
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the operation of these controllers. Although the controllers only form a small selection of possi-
ble designs, they do demonstrate a controller level in active vision systems that is generally not
required in conventional platforms.



Chapter 6

Results

The results presented here cover the performance of the mechanical Active Vision Eye (MAVE)
and the software controllers that perform smooth pursuit and saccadic camera movements. As
hardware measurements and calibrations have already been covered in chapter 3, the results here
only contrast the performance of the mechanical MAVE with the performance of other selected
active vision platforms. The MAVE controller tests cover by far the largest part of this chapter
and their performance is measured in the controlled environment, introduced in detail in chapters
3 and 4. This environment provides unambiguous and precisely definable target locations that can
be detected within the camera's field of view. The camera controllers tested here utilise this target
location information to implement camera positioning.

In the following tests, the positioning objective of al controllers is to minimise the distance
between the fovea and the laser target location. The quality and reliability of this positioning
control isgraphically illustrated in error graphs. These graphs provide arelationship between the
number of test iterations and the Pythagorean distance in pixels, which remains between the fovea
and the target, after a controller has attempted to foveate the target. The error graphs also provide
information on the value of pulse width (PW) settings which are used to apply controlled changes
to the behavioural properties of the camera. These changes are used here to simulate behaviours
that are similar to fatigue in the human extra-oculomotor system, to which acontroller may be able
to adapt. The laser target and camera controllers are not informed of these PW values and possible
changes to them. Depending on the adaptability and performance of the camera controllers, these
PW changes can have a significant impact on the foveation behaviour of the MAVE, which is
reflected in the error graphs.

6.1 Hardware Performance

Table 2.1 in chapter 2 compares the performance of five different active vision platforms. These
platforms were selected on the merits of their design diversity. Table 6.1 lists the same activevision
platforms again, but this time also includes the measured properties of the mechanical MAVE. As
al of these platforms have a different mechanical architecture, it is not easy to compare them by
their individual physical properties. Therefore the platforms are compared by their performance
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Parallel Architectures | Serial Architectures
Monocular Vision Stereo Vision
_ MAVE [ HPVI2I] T AgileEye[47] | CeDARTII6] [ ESCHeRT6I] [ Yorick [112]
Max Pan Acc 16900° /& | 72000° /< 20000° /s° 20000° /s° 4000° /& 3000° /<
Max Pan Ve 930°/s 600° /s 1000° /s 800°/s 140°/s 150°/s
Max Pan Ang 60.5° £5.4° 120° 140° £30° or° 200° 360°
Pan Res < 0.068° 0.01° 0.135° £0.045° 0.01° 0.0044° 0.00018°
Max Tilt Acc 17600° /s> | 72000° /s 20000° /s° 18000° /< 14000° /s 5000° /<
Max Tilt Vel 913°/s 600° /s 1000° /s 600° /s 350°/s 400°/s
Max Tilt Ang || 61.7° £15.3° 180° 140° £30° o0° 90° 360°
Tilt Res < 0.068° 0.01° 0.135° £0.045° 0.01° 0.0145° 0.00036°
Max Verg Acc na n/a n/a na 16000° /& 6000° /&
Max Verg Vel n/a n/a n/a n/a 400° /s 400° /s
Max Verg Ang n/a n/a n/a n/a 100° 360°
Verg Res n/a n/a n/a n/a 0.0125° 0.00036°

Table 6.1: A comparison of hardware performances characteristics for six different active vision
platforms, including the mechanical MAV E developed as part of this research. This table contains
a selection of architectures that can be found in most active vision systems currently available.

results listed in the table.

With a pan acceleration of 16900° /s?, the mechanical MAVE lies in the mid range of the
other five platforms, except for HPV, which outperforms all other platforms by far. It is also
interesting to note that the pan acceleration of the parallel architectures is higher than that of the
serial architectures listed. This could be attributed to the fact that the serial architectures here are
also stereo vision heads, which are heavier, due to the fact that they carry two sets of cameras.
However, the vergence acceleration of the individual stereo cameras is also lower than the pan
acceleration of the parallel architecture vision platforms. The tilt acceleration of the mechanical
MAVE is dlightly higher than its pan acceleration, which is due to mechanical asymmetries of
the camera mounting platform. However, the tilt acceleration is aso within the mid range of the
other five platforms. Overal, the table shows that the acceleration in al directions of the parallel
architectures is superior to the acceleration of all directions of the seria architectures.

The pan velocity of the mechanical MAVE, at 930°/s, is the second highest in the table,
after the Agile Eye with 1000° /s. The tilt velocity of the mechanical MAVE, at 913 /s, dso
follows the Agile Eye with 1000° /s. This slight difference in pan speed is again due to the fact
that the camera mounting platform of the mechanical MAVE is asymmetric in the horizontal and
vertical directions. The overall velocity performance of the listed active vision systems is again
clearly separated by the performance of the parallel and serial architectures, where the parallel
architectures are faster than the serial architectures.

The angular range of the mechanical MAVE in both the pan and tilt direction are lower than
the angular range of any other joint on any other platform in the table. Thisis the result of using
a gimba to mount the camera and the use of linear motion to control movements. The other
platforms all use rotational actuators that apply their force to a platform or a chain of kinematic
links. In Yorick, the use of rotational actuators has even alowed the cameras to be rotated by full
360° around each controllable axis.

The positioning resolution of the mechanical MAVE could not be determined from its me-
chanical properties, as the actuators do not have a defined mechanical positioning accuracy. In
theory it may be possible to generate a position resolution that is arbitrarily small. However, it
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would be near impossible to implement a control mechanism that was able to control an infinitely
small positioning accuracy. Manual positioning tests did show that it was possible to achieve a
repeatable positioning accuracy of < 0.068. Thiswas considered to be avalid angular resolution
if it was possible to repeat this positioning step at least five consecutive times. This test raised
the related question of long term positioning repeatability. A number of influences could alter
this resolution value in the future, such as the type of controller used, the amount of performance
feedback provided to the controller, the ambient temperature, fatigue and many other factors. The
influence of ambient temperature on the mechanical MAVE has aready been tested and was cov-
ered in section 3.6 and figure 3.16. Repeatability information on the other hardware systems was
not readily available from the literature and could hence not be included in the table.

This short performance comparison of the mechanical MAV E with other, similar platforms has
shown that the mechanical MAVE is certainly capable of keeping up with the performance of other
systems. It was even shown that the mechanical MAV E can outperform most platforms on certain
performance characteristics, but aso be outperformed on others, such as angular range. However,
it was not the aim to build a system that could outperform al other active vision systems. It was
the attempt to build a cheap platform with off the shelf components that is capable of reproducing
behaviours which are present in the human extra-oculomotor system.

6.2 Laser Target Controllers

The camera controllers covered in this chapter fall into one of three categories: saccadic, smooth
pursuit or a combination of both. Each of these control behaviours assumes distinctly different
target behaviours. Thetest environment is therefore configured to produce target patterns that can
accommodate the requirements of the camera controllers.

T T T T T T T T
Simulated Laser Locations with Fovealisation for the Test Controller —+— Simulated Laser Locations for the Test Controller —+—

7,

fﬁ*/ y3
A\

Laser locations detected vertically

i ]

Laser locations detected vertically

LA

Laser locations detected horizont tally Laser locations detected horizontally

Figure 6.1: These images show 500 iterations of saccadic and smooth pursuit test patterns, gen-
erated by laser target control programs and recorded by the stationary MAVE, in simulation. The
saccadic target pattern on the left produces locations that have a Gaussian distribution around the
origin of the pattern. The smooth pursuit target pattern on the right changes the target velocity
every 100 iterations.

1An exception being the stationary benchmark controller.



Chapter 6. Results 80

One target pattern generates saccadic targets with a Gaussian distribution. This is used for
saccadic camera controllers. The other pattern produces arandom target track with cyclic velocity
fluctuations, which is used for smooth pursuit camera controllers. Throughout this dissertation
all experiments, either in simulation or on the hardware, were conducted by using only these two
target controllers. Figure 6.1 shows an example of these two target patterns, which represent only
500 target locations each, in contrast to the 50000 target locations that are produced during full
trials. The full trial patterns are also initialised with the same random number seeds, in order
to provide close to identical test conditions for each camera controller test. The following two
subsections specify the algorithmic implementation of the two laser target controllers.

Before the target controllers are executed it is assumed that the laser mirrors have been con-
figured to point the initial laser target into the fovea of the camera, when the camerais pointing
straight ahead at the projection screen. This location forms point 0,0 of an imaginary cartesian
coordinate system, around which further target locations are generated.

6.2.1 Saccadic Laser Target Controller

The saccadic target controller uses five constants to control its operation. These constants specify
the screen area on which patterns are generated and the proximity between locations that are still
visible to the camera:

e maxX isset to 32 and specifies the maximum x position of target locations in the cartesian
coordinate system.

e minX is set to -10 and specifies the minimum X position of target locations in the cartesian
coordinate system. The distance from (0,0) to (minX,0) is smaller than from (0,0) to
(maxX,0). Thisis due to the fact that the laser scanner is not set up perpendicular to to the
projection screen, see figure 3.1.

e maxY is set to 25 and specifies the maximum y position of target locations in the cartesian
coordinate system.

e mMinY is set to -25 and specifies the minimum y position of target locations in the cartesian
coordinate system.

e Vvr is set to 50 and specifies the radius around the camera fovea in which target locations
can be securely detected. This guarantees that a generated target location can be seen by
the camera. vr assumes that the foveation on the previous target location was successful, as
there is no feedback from the cameraimage to the laser target controller.

The algorithm operates as follows:

1. Define arandom number generator rand(0, 1) that produces values in the range [0.0, 1.0].

2. Initialise the vectors p and pL ast:
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. Calculate an orientation angle 0:

6 =359 rand(0, 1)

. Calculate alength valuel:

| =wvr— (vr exp (—%))

Calculate the target vector p':

p', = pLast, — (int)(I sin(8))
p'y = pLast, — (int)(l cos(6))

Test the validity of p':

IF (maxX > px > minX) AND

(maxy > py > minY) AND
(1> 205)
100
CONTINUE
ELSE gotostep 3

Move the laser mirror for horizontal target movement by g, — pLast, and the laser mirror
for vertical target movement by p'y —pL ast,.

Update the last position information pLast = g

Goto step 3.

6.2.2 Smooth Pursuit Laser Target Controller

Similar to the saccadic target controller, the smooth pursuit target controller al so usesfive constants
to control its operation. These constants specify velocity parameters that define the speed of the
target and a decay that keeps the target in arestricted area of the screen.

maxV is set to 5 and specifies the maximum velocity of the target.
minV isset to 1 and specifies the minimum velacity of the target.
velC is set to 100 and specifies after how many iterations the target velocity should change.

error isset to 0.5 and specifies arounding error for the target speed. This helps take account
of the fact that the laser target can only be positioned in fixed steps.

dec is set to 0.96 and specifies a decay rate that encourages the target to return to the centre
of the coordinate system.
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The algorithm operates as follows:

1. As with the saccadic version, define a random number generator rand(0, 1) that produces
values in the range [0.0, 1.0].

2. Initialise the vectors and variables p, pLagt, ¢V, i:

0 0 . .
p= (O)’ pLast = (O)’ vV =minV, i=0

3. Calculate arandom vector v with values in the range [-1.0, 1.0]:

vy = 2.0 rand(0,1) — 1.0
vy = 2.0 rand(0, 1)w; — 1.0

4. Calculate alogarithmic multiplication factor f:

In(vyvy)
VxVy

f=[-2

5. Calculate the target vector p':

p', = (int)(2 dec pLast, + vxf)
p'y = (int)(2 dec pLast, + vy f)

6. Test the vaidity of p':

IF (|cV]+error > |p'| > |cV|—error)
CONTINUE
ELSE gotostep 3

7. Increment the counter i.

8. Test for velocity change:

IF (i mod(velC) =0)
THEN cvV=cv+1

9. Test for change in velocity direction:

IFNOT (maxV > [cV| > minV)
THEN ¢V =1-cV

10. Move the laser mirror for horizontal target movement by g, — pLast, and the laser mirror
for vertical target movement by p'y —pLast,.

11. Update the last position information pLast = p.

12. Goto step 3.
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6.3 Stationary Benchmark Controller

After initial foveation, the stationary benchmark controller does not move the camera anymore.
This allows all subsequent target locations to be measured with respect to the centre of the target
test pattern. Error Graphs generated in this way provide information on the general distribution
of targets throughout the target pattern. Although the saccadic and smooth pursuit patterns are
fundamentally different, both sequences are designed to distribute targets over the same screen
area. This provides a similar range of movement for the camera when interacting with either
pattern.

100 T 100

PW:58 XPW:58
W51 JYRWRL .

PW:62 XPW:50 PW:54 PW:62 PW:50 PW:54
PW.55 IYPW:43 PW.47 PW.55 PW:43 PW.47

Error in pixel

0
0 5000 10000 15000 20000 25000 30000 35000 40000 45000 50000 0 5000 10000 15000 20000 25000 30000 35000 40000 45000 50000
Iterations Iterations

Figure 6.2: Error graphsfor the stationary camera controller that keeps the MAV E pointing straight
ahead and performs no camera activation to visual stimuli. For this test, the PW was changed
every 12500 iterations (this has no impact on the camera movements here). Both images were
generated on the robotic hardware by running the two laser target patterns. The left image shows
the error graph generated by running the saccadic laser test pattern. The right image shows the
error graph generated by running the smooth pursuit laser test pattern. Both graphs were smoothed
by recursive averaging with aweight of 0.0001.

The similarly sized target area is evidently reflected in the error graphs of figure 6.2, where
both curves show a similar error amplitude. The error graph of the saccadic target pattern in the
left image of figure 6.2 and the error graph of the smooth pursuit target pattern in the right image
of figure 6.2 have an average amplitude of 87 pixels. Thisvalueisfairly consistent over the 50000
iterations of each trial. Such steady error curves are fundamental to the objective assessment of
the tested camera controllers. A gradually changing target behaviour would impact on the camera
controller behaviour and very likely distort the results of the resulting error graphs.

6.4 Saccadic Controllers

The performance of both the adaptive and non-adaptive saccadic controllers described in sections
5.2 and 5.3 are covered in this section. Contrasting the behaviour of two different controller
architectures that are designed to process the same type of target pattern in this section simplifies
the comparison process. Figure 6.3 presents the error graphs of these two controllers. The left
image is the error graph of the non-adaptive saccadic controller and the right image is the error
graph of the adaptive saccadic controller.
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Figure 6.3: Error graphs for two variants of the saccadic camera controller. For this test, the PW
was changed every 12500 iterations. The image on the left shows the error performance of the
controller with a constant scaling factor. The image on the right shows the error performance of
the controller with an adaptive scaling factor. Both graphs were smoothed by recursive averaging
with aweight of 0.002.

It is apparent that PW alterations have a significant impact on the performance of the non-
adaptive controller and virtually no influence on the performance of the adaptive controller. These
observations confirm the design objectives of the controllers. The non-adaptive controller derives
the camera activation time by multiplying a constant with the error measured between the fovea
and the laser target. PW alterations have a significant impact on this control strategy. An increased
PW produces longer saccades and a decreased PW produces shorter saccades. The impact of this
behaviour is most apparent during the PW change from XPW:62/ Y PW:55to XPW:50/ Y PW:43.
Saccades that produce a relatively good foveation start to undershoot the target at this point and
the error increases significantly.
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Figure 6.4: Expanded error graph for the adaptive saccadic controller from figure 6.3. The perfor-
mance fluctuation is clearly visible during the PW change from XPW:62 / YPW:55 to XPW:50 /
Y PW:43. The graph was smoothed by recursive averaging with a weight of 0.002.
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The adaptive saccadic controller appears to adapt well to the target pattern and PW changes,
although it also shows a noticeable performance fluctuation at XPW:62 / Y PW:55 to XPW:50 /
YPW:43, figure 6.4. This very small fluctuation is due to the fact that a large and progressive
weight adaptation is taking place to the multiplication factor that controls the activation time of
the camera control. Compared to the non-adaptive saccadic controller, the adaptive controller can
adjust the multiplication factor, depending on the quality of target foveation. Thisisavery simple
and effective technique that can adapt very fast to behaviours of the camera dynamics and to
small changes in the target behaviour. Larger and regular changes in the target behaviour would,
however, cause a performance degradation, as the value of the multiplication factor would start
lagging behind the measured performance of the target.

Although the controllers perform target foveation, and one of them is able to adapt its per-
formance in response to PW changes, at no point does the error of either graph, in figures 6.3
and 6.4, settle to or approach 0. This is the result of two distinct influences which have aready
been discussed in previous chapters and are very specific to the robotic hardware and the camera
controllers:

1. The amount of camera movement, with a constant activation time, is dependent on the ca
mera starting position. This means that there is a non-linear relationship between the acti-
vation time and the distance the cameratravels.

2. If there was alinear relationship between the activation time and the distance of the camera
travels, there would still not be a factorial relationship between the activation time and the
distance travelled.

Both of these influences are directly linked to the activation behaviour of the solenoids. Point
1 contributes inaccuracies into the positioning behaviour of the controllers, as there is no built in
mechanism by which the rotational position of the camera can be measured and processed. Point
2 aso introduces inaccuracies into the camera positioning behaviour as the activation distance is
not proportional to the activation time, although this assumption is made by the controllers. Both
of these points are covered in more detail in sections 6.6 and 7.3.

6.5 Smooth Pursuit Controllers

This section covers the adaptive and non-adaptive smooth pursuit controllers from sections 5.2
and 5.3, which operate in a similar way to the adaptive and non-adaptive saccadic controllers.
The non-adaptive smooth pursuit controller multiplies a constant with the slip error between the
fovea and the target to produce camera movement. The adaptive smooth pursuit controller also
uses a multiplication factor to correct the dlip error, but the multiplication factor isvariable and is
adjusted in accordance with the quality of the dlip error correction.

Figure 6.5 shows the error graph of the non-adaptive smooth pursuit controller on the left and
the error graph of the adaptive smooth pursuit controller on the right. Each curve demonstrates a
very different behaviour, with the non-adaptive camera controller showing avery bad performance
at XPW:62/ YPW:55. During this test phase, the controller fallsinto an oscillating behaviour and
constantly overshoots the target. At one point, the error curve even overshoots the scale of the
graph. This behaviour occurs because the increased PW, in combination with afixed multiplication
factor, produces camera activations that gradually overshoots the target during slip error correction.
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Figure 6.5: Error graphs for two variants of the smooth pursuit camera controller. The solenoid
activation time was derived as the product of the error in pixels and a defined scaling factor. For
this test, the PW was changed every 12500 iterations. The image on the left shows the error
performance of the controller with a constant scaling factor. Oscillating target overshoots occur
at a PW setting of XPW:62 / YPW:55. The image on the right shows the error performance of
the controller with an adaptive scaling factor. Oscillations do not occur here. The graphs were
smoothed by recursive averaging with aweight of 0.002.

Asthetarget moves and the cameratries to correct the error again, the target is overshot again,
thistime producing an even greater error. This effect continues until the error increases sufficiently
to cause the camera to oscillate from one side of the working envelope to the other. At the point
during which the scale of the graph is overshot, target location datais also lost. This produces a
gap in the stream of target location data, causing theiteration index numbers and the actual number
of iterations in the graph to become misaligned. This phenomenon is most apparent in figure 6.6,
where the PW changeover point and the 25000 iteration mark do not match up.

80

T T
Error on the hardware
k r

70

60
PW:50
PW:43
50 j \
30 /
20

10

Error in pixel

0
22000 23000 24000 25000 26000 27000 28000 29000 30000
Iterations

Figure 6.6: Expanded error graph for the non-adaptive smooth pursuit controller from figure 6.5.
The last camera oscillation peaks are visible from the fluctuation period at XPW:62 / Y PW:55.
The regular error ripple after the PW change to XPW:50/ YPW:43 is dso visible. The graph was
smoothed by recursive averaging with aweight of 0.002.
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The adaptive controller has an overall lower error curve and performs very well, even at
XPW:62 / YPW:55. This suggests that the multiplication factor is adapting very fast to changes
in the camera dynamics and the target pattern. The speed of factor change was also discussed in
the last section and it was suggested that large and regular changes in the target behaviour would
lead to a performance deterioration of this type of adaptive controller. The pursuit target pattern
applies regular changes in form of cyclic velocity fluctuations. These are clearly visible as a near
sinusoidal ripple in the error curves. The adaptive controller produces a lower amplitude ripple
than the non-adaptive controller. This"smoothed” appearance, enlarged in figure 6.7, is due to the
fact that the multiplication factor is rapidly adapting to the target velocity, while reducing the dlip
error during smooth pursuit. Even though thisis an improvement over the non-adaptive controller,
the adaptation still lags behind the actual behaviour of the target velocity changes.
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Figure 6.7: Expanded error graph for the adaptive smooth pursuit controller. The adaptation from
XPW:62/ YPW:55 to XPW:50/ YPW:43 isvisible. It becomes apparent how fast the adaptation
takes place at this point. The graph was smoothed by recursive averaging with aweight of 0.002.

A more genera observation shows that the error curves of both the smooth pursuit controllers
are generaly lower than those of the saccadic controllers. This is due to the fact that saccadic
movements generally require longer camera movements for each sampling step than are required
for smooth pursuit movements. This means that the relative error after saccades can be larger than
after corrective smooth pursuit movements, the obvious exception being the oscillating phase of
the non-adaptive smooth pursuit controller in figure 6.5.

6.6 Combined Least Squares Controller

The combined least squares controller integrates modified versions of the adaptive controllers that
were tested in the previous two sections. This combination of control strategies and the ability to
switch between them allows the controller to interact with a wider range of target behaviours. In
order to test these controller capabilities, it is necessary to run awider range of target behaviours
than could be applied by either one of the pursuit or saccadic test patterns alone. The combined
controller is therefore tested on both, the saccadic and smooth pursuit test sequence. This tests
the performance of each control path and the ability to switch between them. While running each
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Figure 6.8: Error graphs that show the performance of the combined least squares controller in
response to the saccadic and smooth pursuit test patterns. The solenoid activation times are derived
asaproduct of error in pixels and polynomial results of activation functions. During each test, the
PW was changed every 12500 iterations. The image on the left shows the performance under
control of the saccadic test pattern. The image on the right shows the performance under control
of the smooth pursuit test pattern. The graphs were smoothed by recursive averaging with aweight
of 0.002.

of the two target sequences, the camera controller inevitably utilises both control paths, due to
ambiguous target behaviours in both target patterns. However, the saccadic test pattern causes the
camera controller to apply more saccadic control cycles than pursuit cycles; and the pursuit test
pattern causes the camera controller to apply more pursuit control cycles than saccadic control
cycles.

Figure 6.8 shows the camera controller performance under the saccadic test sequence on the
left and under the pursuit test sequence on the right. Both error curves demonstrate a significant
improvement to those of the non-adaptive saccadic and smooth pursuit controllers. The magnified
error curve for the saccadic control path, figure 6.9, aso shows an overall improvement to that of
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Figure 6.9: Expanded error graph for the adaptive saccadic path of the combined least squares
controller. The prolonged adaptation period is shown after the PW change from XPW:62/Y PW:55
to XPW:50/ Y PW:43. The graph was smoothed by recursive averaging with aweight of 0.002.
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the adaptive saccadic controller, figure 6.4. Thisis not surprising, as the saccadic path of the dual
controller allows up to one more saccade for each target location than is the case for the adaptive
saccadic controller. Between XPW:62 /Y PW:55 and XPW:50/ Y PW:43 the error curve rises and
indicates a slightly longer function adjustment period than is the case for the adaptive saccadic
controller, see figure 6.9. This is due to the fact that the least squares approximation requires
more data sets for an adaptation to take place than is the case for the single weight of the adaptive
saccadic controller.
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Figure 6.10: Expanded error graph for the adaptive smooth pursuit path of the combined least
squares controller. The prolonged adaptation period is shown after the PW change from XPW:62
[ YPW:55 to XPW:50/ YPW:43. The graph was smoothed by recursive averaging with a weight
of 0.002.

The error curve for the pursuit path, figure 6.10 is very similar to the curve generated by
the adaptive pursuit controller, figure 6.7, however there are small, but noticeable improvements.
The overal error and the amplitude of the sinusoidal ripple are smoother. As the pursuit path
of the dual path controller uses a function to represent activation weights, error measures that
lie a number of iterations back can contribute directly to the calculation of activation weights.
This means that the activation weight for a certain error at one point of the sinusoidal ripple
can be calculated from values that were measured during a similar point of the prior sinusoidal
ripple. Asthe adaptive pursuit controller only uses afactor to calculate the activation weight, only
more recent measurements contribute to the calculations of the activation weight. The adaptation
process of the combined least squares pursuit path is visible in figure 6.11, between the iterations
0-5000 and 37500-40000. At these sections, the ripple amplitude is initially high and gradually
decreases. The least squares calculation adapts to the cyclic behaviour of the target pattern during
these periods and starts to produce more accurate activation weights in response. It should be
noted that such an adaptation behaviour is not specific to the pursuit control path and that the
saccadic control path isequally capable of adapting to afluctuating target behaviour.

These are very encouraging results, and as is stated in section 5.4, it can be assumed that this
or asimilar controller would indeed be a good candidate on which to base a gaze controller that
can interact with the natural environment.
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Figure 6.11: Expanded error graphs for the adaptive smooth pursuit path of the combined least
squares controller. These graphs show the adaptation period after initialisation and PW change.
The decreasing ripple amplitude indicates that an adaptation to the target velocity fluctuations is
taking place. The graphs were smoothed by recursive averaging with aweight of 0.002.

6.7 Dog Net Controller

The dog net has a similar underlying control strategy to the controllers from the previously sec-
tions, but it uses a totally different implementation. This controller is based on the configuration
of neurons in the brain and simulates processes that are believed to underlie saccadic control in the
superior colliculus. The detailed properties of the controller are covered in section 5.5, but results
and the transfer from the original platform to the MAV E have not yet been discussed. This section
reproduces the results reported by Burdess [24] and discusses the modifications that were imple-
mented to enable the controller to interact with the MAVE. The performance of the controller is
then assessed, using the familiar error graph representation.

6.7.1 Reproduced Results

The original dog net was implemented in visual basic and ran on a 80486 DX2-66 processor.
The program was equipped with a graphical interface that was able to visualise the state of the
lattice and saccadic nodes. The positions of lattice nodes represented the locations of neurons in
the upper layer of the superior colliculus, which form a topologically conserving map with the
locations of excitation. Each node was connected to the neighbouring nodes by connecting lines.
The positions of the saccadic weight nodes represented the locations of neurons in the lower layer
of the superior colliculus. These nodes were mapped to the location of the lattice nodes. The
activation weights of each saccadic node was represented by activation vectors that represent the
distance and direction to the centre of the network.

In order to utilise this controller in the experimental environment, it was necessary to carry out
two steps. First the original dog net had to be ported from visua basi@ to alanguage which could
be interpreted or compiled in the experimental environment of the MAVE. Second, it was neces-
sary to modify the saccadic weight representation in such amanner that they could store activation

2The author was kind enough to provided a copy of the visual basic source.



Chapter 6. Results 91

times for MAVE. The natural choice of language was C/C++, as all other software components
within the experimental environment are written in theses languages. Once the software port was
completed, the correct operation of the controller wasto be tested by comparing graphical network
representations with the results reported by Burdess [24]. In the C/C++ implementation of the dog
net controller, visual network configurations were produced by controlling a graph plotting pro-
gram through apipe. The results and the operation of the controller port are shown in figures 6.12,
to 6.15. The node distributions and the vector weights have virtualy identical configurations to
those reported by Burdess [24], except for minor deviations, which are due to random factors in
the target pattern. The integration of the controller into the experimental environment is covered
in the following two subsections.

Figure 6.12: Lattice and saccadic weight distribution for the ported dog after initialisation and
before any stimulus.

Figure 6.12 shows the network configuration before any stimulus has been presented. The left
image shows the lattice configuration and the right image shows the saccadic weights associated
with the individual lattice locations. The lattice nodes are randomly distributed over an area that
represents the visual field. The length of the saccadic vectors is set to a random fraction of the
radius of the visual field. This helps speed up the convergence of the network, but is not strictly
necessary, as the convergence of the network would still occur for other values, provided there is
enough time.

Figure 6.13 shows the network state after 4000 iterations. At this point the lattice nodes in
the left image have started to form a web like configuration. The saccadic weights in the right
image have aso started to settle into a stable configuration that points the vectors from the lattice
locations to the centre of the network. However, as the lattice nodes have not yet settled into
fixed locations, it is important that the saccadic weights do not yet converge into a stable state. If
the saccadic weights converged and pointed to the centre of the network before the lattice nodes
settle into fixed locations, the saccadic weights would start to deviate from the centre, asthe lattice
locations change their positions.
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Latice configuraton after: 4000 cycles —— Saccade configuraton ater: 4000 cyckes ——

Figure 6.13: Lattice and saccadic weight distribution for the ported dog after 4000 iterations.

After 8000 iterations, figure 6.14, the lattice has expanded more and the network structure
is becoming more stable. The saccadic vectors are now also more focussed on the centre of the
network. From this state on, further iterations do not have much of an impact on the appearance
of the network.

Latice confguraton aftr: 8000 cycles —— Saccade configuraton ater: 8000 cyces ——

Figure 6.14: Lattice and saccadic weight distribution for the ported dog after 8000 iterations.

Figure 6.15 shows the network state after 16000 iterations. This network has not changed
much since the network state after 8000 iterations (figure 6.14). At this point the vectors focus
nearly perfectly into the centre of the network.

The four figures 6.12 to 6.15 replicate the results described by Burdess [24] and confirm the
successful operation of the dog net in the C/C++ programming environment.
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Latice configuraton after: 16000 cycles —— Saccade configuraton ater: 16000 cycles ——

Figure 6.15: Lattice and saccadic weight distribution for the ported dog after 16000 iterations.

6.7.2 Hardware Performance

After the successful port of the dog net to the operating environment of the MAVE, the next step
was to apply modifications that would allow the dog net controller to interface with the compo-
nents of the experimental environment. This step was relatively straightforward, as the saccadic
weight nodes could very easily be converted to represent activation vectors for the solenoids, and
the cartesian target representation could very easily pass target locations to the lattice nodes. This
is especially the case, as the dog net expects target locations to be represented in cartesian coordi-
nates. Figures 6.16 to 6.19, show the lattice and activation weight configurations of the ported dog
net, controlling the mechanical MAVE. Similar to tests of the original dog net, the test pattern has
a Gaussian target distribution and the PW values remain fixed.
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Figure 6.16: Lattice and activation weight distribution after initialisation for the ported dog net
controller, configured to run on the robotic hardware.

Figure 6.16 shows the network before any training cycles have taken place. The weights are
initialised in the same way as was done for the original dog net and the ported dog net in figure
6.12. Again, the magnitude of the randomised weight vectors is set to a small proportion of the
radius of the visual field.
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Latice configuraton after: 4000 cycles —— Weight configuraton atr: 000 cycles ——

Figure 6.17: Lattice and activation weight distribution after 4000 iterations for the ported dog net
controller, configured to run on the robotic hardware.

Figure 6.17 shows the state of the network after 4000 iterations. The lattice has started to
form the familiar cobweb shape, although it is dlightly distorted. This is due to the fact that
the lattice locations are derived from cartesian target locations, which are generated by the laser
target pattern. Due to physical restrictions of the gimba on which the camera is mounted and
target overshoots that lead the gimbal to hitting physical stop positions, the target pattern had to
be compressed horizontally. This dlightly modified target pattern does not appear to have any
detrimental effect on the performance of the network, providing the area of the target pattern is
not increased after the lattice nodes have converged to fixed locations.

Latice confguraton after: 8000 cycles —— Weight configuraton ater: 8000 cycles ——

Figure 6.18: Lattice and activation weight distribution after 8000 iterations for the ported dog net
controller, configured to run on the robotic hardware.

The solenoid activation vectors are also starting to form a pattern, pointing towards the centre
of the network. They are noticeably shorter than the saccadic weights of the original dog net, and
it could be argued that the weight vectors in figure 6.16 should be initialised to smaller values.
However, it is evident that the network has no problem in adapting to this new configuration. In
actual fact, this behaviour showsjust how flexible the network is at adapting the activation weights.
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Figure 6.18 shows the network after 8000 iterations. The lattice weights have expanded further,
increasing the size of the network. At this point the network is also becoming more stable and
progressive changes are happening on a much smaller scale. The activation weights are also
aigning themselves more uniformly.

Latice configuraton after: 16000 cycles —— Weight cofiguaton atr: 16000 cycles ——

Figure 6.19: Lattice and activation weight distribution after 16000 iterations for the ported dog net
controller, configured to run on the robotic hardware.

After 16000 iterations, the network in figure 6.19 has not changed much, compared to figure
6.18, and a stable state has been reached where further changes would be expected to be minor.
Thisis the case, even if parameters in the experimenta environment were to be altered, but just
how well the controller has actually learned the dynamics of the MAVE cannot be interpreted
from the lattice or saccadic weight figures. It is necessary to assess error graphs that are generated
during and after the network has converged into a stable state.
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Figure 6.20: Error graphs for the ported dog net camera controller, running on the robotic hard-
ware. The first 2000 iterations of the controller were run in simulation (SC), to prevent damage
of the camera. The left image shows the controller performance at a continuous PW setting for
al solenoids. The image on the right shows the controller performance as the PW changes every
12500 iterations. The graphs were smoothed by recursive averaging with aweight of 0.002
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The error graphs in figure 6.20 show the controller performance without PW changes on the
left and with PW changes on the right. In each graph the first 2000 iterations are marked with
SC, which indicates that this part of the controller wastrained in simulation. This serves purely to
protect the hardware from damage, caused by initial random camera movements.

From the graph on the left, it is directly evident that the overal performance is not nearly
as good as that produced by the adaptive saccadic controller in figure 6.3. Thisis surprising, as
one could assume that the neural network would be very good at associating the error between the
target and the foveawith an appropriate activation weight. Evenif there wasafactoria relationship
between the error and the activation weight, the performance should not be worse than that of the
adaptive saccadic controller.

The neural network has the potential to establish a better relationship between fovea to target
errors and activation weights than could be achieved by the adaptive saccadic controller. However,
the network learning rule makes one fatal assumption: It assumes a strictly linear relationship
between the activation time and the amount of associated camera movement from any position
within the working envelope. As this linear relationship does not exist within the experimental
environment, correct activation weights cannot be learnt by the origina dog net learning rule. To
understand why this non-linearity produces such a performance degradation, it is first necessary
to interpret the learning rule from equation 5.21. This rule performs the following operations. If
two consecutive saccades, applied to one and the same target location produce a closer foveation
than the first saccade alone, then replace the activation weights of the first saccade with the sum
of the activation weights that produced the improved foveation. In alinear environment, this rule
alowsavery fast and precise weight adaptation, but in anon-linear environment, thislearning rule
generally learns to overshoot the target. The reason for thisisillustrated in the following example:

A simplified, superficial situation is assumed in which the target to fovea error is identical
for each new target location, and the camera starting position, from which the error minimisa-
tion isinitiated is variable, requiring non-constant activation times for perfect foveations. In this
environment, two possible situations are assumed:

1. The camera starts from a position from which a short activation time is required to achieve
perfect foveation.

2. The camera starts from a position from which a long activation time is requires to achieve
perfect foveation.

It should be noted that the network will try and adapt one and the same weight to achieve
foveation in both cases. If it is assumed that the camera learns to perform perfect foveations
with one saccade, under condition 1., subsequent applications of condition 2. would increase the
activation weight, causing future conditions of 1. to overshoot. In this case, the second saccade
may not contribute to an improvement and fail to invoke the learning rule, as a pair of saccades
in opposite directions are less effective than two saccades in the same direction. Thisis partially
due to the fact that the inertia of the moving camera in one direction needs to be reversed with
return saccades. If it is now assumed that there is an equal distribution between the application of
conditions 1. and 2., the activation weight will start to converge on avalue that is more favourable
to condition 2.
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The error curve on the right hand side of figure 6.20 also confirms target overshoot learning.
In this graph the PW is changed in an already familiar fashion, producing an initially surprising
result. During XPW:50/ Y PW:43 the error measure improves significantly, approximates and even
exceeds the performance of the adaptive saccadic controller in theright image of figure 6.3. Aswas
shown in figure 6.19, the network has very much converged after 16000 iterations and influences
from the environment start to have a negligible impact on further network weight adaptations.
This means that the adaptability of the neural network has come to a near standstill after 25000
iterations, at which point the PW is reduced and the performance improves dramatically. During
PW settings of XPW:58/ YPW:51 and XPW:62 /Y PW:55 the network learned to overshoot. The
decreased PW of XPW:50/ Y PW:43 requires larger activation times to cause foveation. It appears
that the combination of alower PW with previously excessive activation weights is now favorable
to achieve good foveations.

Even though this network may be biologically inspired, itis hardly likely that it would operate
inthisway within the brain. Aswas discussed in subsection 2.2.2, there exists alow level feedback
mechanism within the brain which provides alinearly controllable interface to oculomotor control.
It could be the task of future research to implement such a mechanism on the MAVE. Section
7.3 covers such and other possible extensions in more detail. The problem of activation weight
convergence appears to be more of a controller issue, as properties of the human eye do change
over time and adaptability is essential. A possible solution to this problem is given in section 5.6
and tested in the following section.

6.8 Adaptive Dog Net Controller

The adaptive dog net controller from section 5.6 applies only a small modification to the decay
mechanism in order to achieve non-convergence. The controller is tested under the same condi-
tions as were present for the previous controller. The simulator isagain used to run the initial 2000
training iterations.
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Figure 6.21: Error graph for the ported, adaptive, dog net camera controller, running on the robotic
hardware. The first 2000 iterations of the controller were run in ssimulation (SC), to prevent dam-
age of the camera. The left figure shows the controller performance at a continuous PW setting.
The figure on the right shows the controller performance as the PW changes every 12500 itera-
tions. The graphs were smoothed by recursive averaging with aweight of 0.002.
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The left graph of figure 6.21 runs the controller without PW changes and the right graph runs
the controller with PW changes. The general amplitude of the error graphs are nearly the samein
both images. This aso means that during XPW:50 /Y PW:43, the error isworse than isthe case in

the right graph of figure 6.20.

6.9 Software Performance

Error in Pixels Error in Degrees
min | average | max min | average | max
Saccadic Test Pattern Fig. 6.1L, 6.2L 0 [86.70/5] 167.8 0 8.31038 | 16.2616
Saccadic Controller XPW:50 YPW:43 0 [ 505938 | 132966 | O 4.89726 | 12.5365
with constant scaling XPW.54 YPW:47 0 37.601 | 111.041 0 3.63661 | 10.5365
factor. Fig. 6.3L XPW:58 YPW:51 0 ]26.9336 | 120354 | O 258905 | 11.2841
XPW:62 YPW:55 0 24.6513 | 137.993 0 237371 | 13.0732
Saccadic Controller XPW:50 YPW:43 0 16.3145 107 0 157268 | 10.1266
with variable scaling XPW:54 YPW:47 0 16.2329 | 109.142 0 15836 | 10.2461
factor. Fig. 6.3R XPW:58 YPW:51 0 16.5984 | 119.08 0 1.61965 | 11.3576
XPW:62 YPW:55 0 177734 | 111.018 | O 1.73215 | 10.5247
Saccadic path of the XPW:50 YPW:43 0 11.5484 | 89.0505 0 1.19074 | 8.98902
Combined Least Squares XPW:54 YPW:47 0 11.5012 96 0 1.20165 | 9.67723
Controller. Fig. 6.8L XPW:58 YPW:51 0 13.1422 | 167.443 0 1.33331 | 15.9445
XPW:62 YPW:55 0 14.0369 86 0 1.42239 | 8.18076
Dog Net Cont. Fig. 6.20L XPW:58 YPW:51 0 [262676 | 223081 | O 2.61187 | 22.1897
Dog Net Controller XPW:50 YPW:43 0 17.0685 | 161697 | O 1.72197 | 15.7062
Fig. 6.20R XPW:54 YPW:47 0 20.3522 | 196.163 0 2.04417 | 19.4846
XPW:58 YPW:51 0 26.698 | 216.187 0 26425 | 215034
XPW:62 YPW:55 0 2544541 216.068 | O 252438 | 214774
Adp. Dog Net Cont. Fig. 6.2IL | XPW:58 YPW:51 0 | 255855 | 301496 | O 255224 | 30.2122
Adaptive Dog Net XPW:50 YPW:43 0 | 22.3856 199 0 2.25956 | 19.5258
Controller Fig. 6.21R XPW:54 YPW:47 0 23.1006 | 200.022 0 2.32434 | 19.8815
XPW:58 YPW:51 0 23.6603 | 203.062 0 2.35781 | 19.9271
XPW:62 YPW:55 0 24.3852 | 208.062 0 2.4358 | 20.4433
Pur suit Test Pattern Fig. 6.1IR, 6.2R 0 [ 874233 | 175.149 0 8.45204 | 17.3158
Smooth Pursuit XPW:50 YPW:43 0 10.9132 | 61.0737 0 1.194752 | 5.64673
Controller with XPW:54 YPW:47 0 16.6868 | 57.0351 0 1.64888 | 5.57873
constant scaling XPW:58 YPW:51 0 145384 | 144.779 0 1.43976 | 15.8474
factor. Fig. 6.5L XPW:62 YPW:55 0 | 42,9689 | 285.237 0 4.22497 | 28.3549
Smooth Pursuit XPW:50 YPW:43 0 | 7.03635 80 0 | 0.771196 | 7.52731
Controller with XPW:54 YPW:47 0 7.04804 | 61.0328 | O | 0.781032 | 5.6247
variable scaling XPW:58 YPW:51 0 [ 7772038 | 95.0474 | 0O [ 0.845439 | 9.00191
factor. Fig. 6.5R XPW:62 YPW:55 0 | 8.87054 | 80.5047 0 0.95034 | 7.60443
Pursuit path of the XPW:50 YPW:43 0 [ 738499 | 570789 | O [ 0.810604 | 5.24841
Combined Least Squares XPW.54 YPW:47 0 6.76976 | 72.9931 0 | 0.773742 | 6.86854
Controller. Fig. 6.8R XPW:58 YPW:51 0 | 6.93287 | 65.2993 0 | 0.791212 | 6.36469
XPW:62 YPW:55 0 8.4745 | 50.448 0 | 0922744 | 4.64039

Table 6.2: A comparison of the performance characteristics for the controllers tested in this chap-
ter. The values in this table were generated by the same data that was used to generate the error
graphs in this chapter. References to the corresponding error graphs are provided in the table. It
should be noted that the internal representation of the horizontal and vertical image resolutions
differ. This causes dight deviations between pixel error and error in degrees.

Table 6.1 compares the hardware performance of the MAVE with the hardware performance
of other active vision systems. Due to the mechanical nature of these other systems, software
controllers can be designed to position the hardware to the accuracy specified in the table. As
the MAVE does not have a mechanically defined positioning accuracy, it relies on the use of con-
trol agorithms to achieve a certain positioning accuracy. Table 6.2 compares the performance of
the controllers tested in this chapter. The laser target controllers that produce the target informa-
tion for the camera controllers are aso included and are highlighted in bold. Their table values
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were derived on the stationary benchmark controller from section 6.3. The error in pixels has
been converted into error in degrees, to enable a comparison with other systems. As the internal
representation of the horizontal and vertical image resolution are not the same, there are small
fluctuations between the error in pixels and the error in degrees. Thisis not a calculation error, but
due to the fact that each target position was individually converted from pixels to degrees.

As can be seen in table 6.1 and was discussed in the text following the table, the MAVE has
alow positioning accuracy. Even though the positioning resolution of the MAVE, in table 6.1, is
very low, it was derived under controlled conditions that were aimed at finding the best positioning
resolution. The software controllersintable 6.2, on average, do not reach this positioning accuracy.
In fact, the best saccadic controller achieves an average positioning accuracy that is 19.6 times
lower than the MAVE positioning resolution from table 6.1. The average positioning accuracy
of the best pursuit controller is only 11.34 times lower than the MAVE positioning resolution
from table 6.1. In smooth pursuit mode, this means that positioning accuracy of the MAVE is
4284 times lower than that of Yorick, but only 5.7 times lower than that of the Agile Eye. When
comparing these results, it should be kept in mind that the positioning resolution of the MAVE
is not mechanically fixed. It may be possible to derive more effective software controllers in the
future, that are capable of producing a much higher positioning resolution.

6.10 Summary

The hardware performance properties of the MAVE are contrasted with properties of other vi-
sion platforms at the beginning of this chapter and show that the MAVE exhibits encouraging
behaviours. Thisis especially the case when considering that this vision platform is a prototype
model, constructed mainly with off the shelf components.

The controllers tested thereafter form only asmall range of conceivable control strategies, but
the diversity of responses to the dynamics of the MAVE provide many interesting observations.
The non-adaptive controllers are vulnerable to PW changes, so is the ported dog net, after con-
vergence has taken place. It has also been shown that the learning rules can impact on controller
performance. It has also emerged that the adaptive controllers perform most gracefully in arange
of control conditions, with the combined least squares controller showing the best performance in
both, the saccadic and pursuit environment.
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Conclusion

The objective of this investigation was to develop an active vision system that was very much
inspired by the dynamics and performance of the human extra-oculomotor system. This was to
alow the testing of low level control mechanisms that are not required in conventional active
camera systems with position controlled actuators.

Chapter 2 started with a short review of vision and covered passive, active and purposive
vision. This lead into a discussion of mechanisms that are involved in enabling and optimising
active vision, such as gaze control, foveation, stereo and colour vision. Following thisintroduction,
human and artificial active vision systems were discussed separately.

The anatomical investigation introduced four logical components of the human vision system:
the eyeball, the protective apparatus, the motor apparatus and the visual pathway. The motor
apparatus and the visual pathway were then covered in greater depth. This focused in particular
on the behaviour and performance of eyeball positioning as a result of neural control and muscle
contractions.

Artificial active vision systems were then introduced by first discussing fundamental mechan-
ical design paradigms, this included: the common-elevation model, the independent gun-turret
model, parallel architectures, serial architectures and types of actuation. Later individual design
philosophies were discussed and the physical performance of five selected vision heads were con-
trasted. Thecontrol of artificial vision systemswas covered by presenting control modelsthat were
implemented in the literature, including neural networks, finite state machines and control theo-
retical systems. It was suggested that new developments in artificial active vision could contribute
to the understanding of biological vision and advances in artificial active vision alike.

Chapter 3 introduced the development of the Monocular Active Vision Eye (MAVE) and a
laser targeting system. A design was devised for this purpose that incorporated physical proper-
ties of the human eye. This included static balancing, a parallel architecture and opposing linear
actuation. The electrical control of actuators was also based on biological concepts, where activa-
tion potentials cause muscle contractions. After the completion of the requirements analysis and
the basic design steps, mechanical and electrical components were selected that could fulfil the
specifications of the model. Shock absorbers were used to simulate the damping of tissue around
the eyeball. Linear actuators simulated extra-ocular muscles. A gimbal was used to simulate the
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operational range of the eyeball in its socket and pulse width modulation (PWM) was used to
represent electrical control signals sent to the actuators.

The targeting system was introduced as a position controlled laser pointer that generates in-
tense light dots on a projection screen. The position of targets was controlled by surface reflective
mirrors which were mounted on the drive shaft of step controlled rotational actuators. The perfor-
mance of the electrical and mechanical assembly was then tested at the end of the chapter.

Chapter 4 discussed the four software levels that control the experimental environment and
the simulator which simulates the mechanical MAVE and the laser targeting system. The imple-
mentation level allowed gaze, MAVE and laser target controllers to be developed. In this level
it was also possible to set up timing files that control the operation of complete test sequences.
The interface level provided a front end to either the simulator or hardware control. The control
level contained the simulator and the operational end to the hardware device driver level. The
device driver level was responsible for the control of the components within the robotic hardware.
Comparison testing between the hardware and the simulator concluded the chapter.

Chapter 5 introduced the controllers that regulate the low level operation of the MAVE. A
benchmark controller was discussed that can help assess the performance of the target patterns.
The following controllers were non-adaptive and used an error measure between the target and
camera position to trigger actuator activations. The controllers introduced thereafter formed ex-
tensions to the non-adaptive controller and became increasingly sophisticated; first by introducing
adaptability and then by combining controllers for saccadic and pursuit control. The final con-
trollers discussed were based on a neural network model of the superior colliculus and modifica-
tion details were covered that allowed them to be integrated into the experimental environment.

Chapter 6 presented the performance results of the hardware and the controllers covered in
chapter 5. First performance characteristics of the mechanical MAVE were compared to the five
active vision platforms, discussed in chapter 2, then target pattern controllers were introduced and
assessed by the benchmark controller. The performance of al other MAVE controllers was tested
thereafter. A wide range of performance response behaviours was collected and illustrated in the
form of error graphs. Graphical representations that highlighted the locations of lattice neurons
and activation weights were also used to illustrate the operation of the saccadic neural controllers.
The results of this chapter support the claim that simple controllers can be developed for vision
systems like the MAVE that perform saccades, pursuit or acombination of both.

7.1 Contributions
The work presented in this dissertation makes the following contributions:

e An experimental environment was proposed and designed, which presents similar control
requirements to those found in the human eye. In particular, the movement of the camera
was to be controlled by pairs of opposing actuators that, similar to human muscles, applied
their force in a linear direction. Just like muscles of the extra-oculomotor system, these
actuators were a so without afixed positioning resolution and were to be vulnerable to per-
formance fluctuations or fatigue. The control signals sent to the actuators were also to be of
asimilar nature to those of human activation potentials that control muscle contractions.

This environment was to allow eye control algorithms to be developed and tested that nor-
mally form low level feedback loops or movement control within the human eyeball posi-
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tioning system.

o A statically balanced mechanical Monocular Active Vision Eye (MAVE) was built with four
linear actuators that apply their force in parallel to a camera mounting platform. These ac-
tuators had no defined positioning capability and were hydraulically damped. Their control
was conducted by pulse width modulation (PWM), which was utilised to simulate con-
trolled performance fluctuations and alowed controllers to regulate camera movements. A
laser targeting system was also constructed that allowed the implementation of precise and
repeatable target patterns that could be detected by the MAVE.

e Based on previous research, new control algorithms were designed that address two main
control architectures: non-adaptive and adaptive, which were either capable of saccadic
control, smooth pursuit control or acombination of both. These controllers were then tested
in the experimental environment, where foveating or following camera movements could be
produced in response to laser target patterns.

e An established neural controller, based on anatomical knowledge of the superior colliculus,
was also tested in the experimental environment. Prior to the investigations undertaken here,
this dog net had so far only been tested in simulation. The integration of the dog net into
the experimental environment required only small refinements to the algorithm. Test results
showed that this biologically plausible controller was capable of operating in a physical
environment.

e From the evidence gathered in this dissertation, it was shown that artificial vision systems
can be built and controlled without the need for exact actuator positioning capabilities. In
fact, the use of cheaper and | ess accurate mechanisms have been shown to produce very high
performance results and even outperform some of the highly engineered mechanical active
vision systems, currently in use.

7.2 Limitations

The following limitations were present in this research:

e The number of controllers was necessarily limited. However, the progressive devel opment
from straightforward to more sophisticated systems gave insights into aspects that could be
considered further in the development of future controllers for this type of application. For
example, it was seen that the addition of adaptability was essential in order to deal with the
physical dynamics of the MAVE, although experiments did show that the performance of
non-adaptive controllers can produce limited results.

e The experimental environment was intentionally restricted, with a targeting and detection
system that consisted of ahighly controllable laser mechanism, rather than the ability to pro-
cessreal world images. Thiswas essential for the implementation of predictable and repeat-
able test sequences that would allow an objective assessment of different camera controllers.
However, for the development of applications that can process real world information, it is
necessary to change the configuration of the experimental environment.

e The properties of the mechanical MAVE were also restricted to reduce the developmental
cost and system complexity. This was most evident during the design phase of the me-
chanical MAVE, where it was decided to only include five physical properties that are also
present in the human extra-oculomotor system, namely: aparallel architecture, non-position
controlled actuation, opposing actuation, static balancing and pulse width modulation. The
restrictions were not only implemented by limiting the number of anatomical properties to
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be included in the design, but also by using mechanical systems that intentionally exhibit
dightly different behaviours to those found in the extra-oculomotor system of humans:

— A gimbal was used to reduce the operation range of the eyeball from three to two
degrees in the mechanical MAVE. This eliminated mechanical torsion which, under
some conditions does occur during human eye movement. The control of torsion in
the experimental environment would have required asignificant increase in mechanical
and electrical complexity, which would not have been feasible for this project.

— A particular benefit of two controllable degrees of freedom also lead to a reduction
of required actuators. It was only necessary to use four actuators, for horizontal and
vertical camera movements, compared to the six muscles of the human eye, which
control pan, tilt and torsion.

— Fixed rods aso extended from the actuators to the gimbal and formed a mechanical
restriction and complexity reduction. In human vision, muscles and tendons are flexi-
ble and require extra control to prevent muscle slacking. The rods cannot dlack and a
control mechanism that may prevent slacking is not required and could not be tested.

— The mechanical MAVE also did not provide a mechanism by which gimbal position
information could be fed back to MAVE controllers. In humans, eyeball position in-
formation is provided by muscle spindles.

7.3 Future Work

Active vision and the investigations in this dissertation span a wide range of disciplines. Hence
further work could aso take place in a combination of research areas. Suggested future work
focuses initially on basic improvements that could optimise the performance of the existing exper-
imental set up, such as improving the laser target positioning capabilities and reducing problems
with the damping system. Thoughts are then directed at aspects that could play a central role in
extending the existing capabilities of the experimental environment. In particular, advances are
put forward that would allow mechanisms to interact with real world images and access gimbal
position information. This starts with proposals for real world image processing algorithms, fol-
lowed by intrusive modifications to the hardware that would enable camera position information
to be extracted. Thisleadsto work on controller issues that may enable the system to interact with
the modified hardware. The final suggestion focuses on extensive modifications to the experimen-
tal environment, that would implement arange of biologically plausible features that could not be
implemented in the current hardware version.

Targeting System
Thelaser targeting system implemented in this research uses two stepper motorsto position surface
reflective mirrors that control the direction of alaser beam. Thisis not a very fast mechanism,
reaching speeds of ~ 400 steps a second. As the execution of experiments is run on one computer
and isfully automated, this does not pose much of a problem. However, it could be envisaged that
the laser target control is operated by one computer and the operation of the MAVE is controlled
by an other computer. In such a set up it may be interesting to test how fast algorithms and the
hardware can respond to a certain target behaviour.

A small modification to the existing stepper motor controllers may be able to increase the
target speed. The current system only switches the power supply to the motor windings on and
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off. However, it may be possible to drive the motors faster by using short bursts of high current
capacitor discharges. These discharges can create stronger magnetic fields to drive the motor. As
the discharges are only of short duration, the motor windings would aso not overheat and damage
the motors.

A possibly even faster laser target control may be achieved by redesigning the laser targeting
system and replacing the stepper motors with voice coils. Voice coils can be controlled by simply
changing the voltage. They do not require multi-strand control like the stepper motors. It is also
not necessary to find the starting position of the mirrors, each time the system is restarted.

A final and more radical change to the targeting system could see the projection screen being
replaced by a video monitor or video projector. This would not only enable the control of a fast
target dot, but could aso be used to generate arange of visual environments that could be used to
test image interpretation controllers. To ensure the uniform quality of the images captured, it may
however be necessary to synchronise the camera capture rate with the refresh rate of the monitor
or projector.

Damping

The mechanical damping used in the current version of the MAVE suffers from stiction and per-
formance degradation as a result of ambient temperature fluctuation. In a modified version of
the MAVE, it may be possible to remove the shock absorbers and apply damping directly to the
moving parts of the gimbal, such as the joints and rod-end bearings. Silicone Grease has unusual
viscous friction properties and can be applied directly to moving components. Thistype of damp-
ing may be sufficient to damp the movement of the gimbal and prevent the side effects that are
present in the current system.

Image Processing

Although the existing targeting system of the experimental environment provides an excellent
mechanism for the development and controlled testing of different controller architectures, it does
restrict the implementation of controllers that utilise real world images to generate camera posi-
tioning. Thefirst extension should therefore address this point and provide a mechanism by which
controllers can be developed that interact with real world images. Such an extension would es-
sentially allow the integration of existing image processing algorithms and gaze controllers that
aready exist and react to real world data. Such a change to the current experimental set up would
be relatively straightforward, asit would literally require the removal of the projection screen and
theimplementation of adummy laser target control algorithm. It would then be down to the discre-
tion of the developer to select what real world information should be presented to the mechanical
MAVE.

Gimbal Position Feedback

This extension should focus on implementing a gimbal position measurement mechanism. This
would open entirely new control capabilities within the existing experimental environment, allow-
ing additional control levels to be added that could process camera position information. Thisis
very much in the spirit of this research asit is based on physiological knowledge of the human
eye. It iswell established that there exists a sensory feedback mechanism within humans that
provides information about the degree of muscle contraction to alow level position control of the
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eyeball. It isassumed that a self-regulating mechanism exists that provides alinear control inter-
face to eyeball positioning. Such alinear relationship evidently does not exist within the current
mechanical MAVE. However, early in the design of the mechanical MAVE, it was anticipated that
camera position information could be beneficial to future research. For this reason, fixtures have
been mounted to the gimbal that can accommodate potentiometers, figures C.17, C.18 and C.19.
These produce achange in electrical resistance, depending on the constellation of the gimbal rings.
Electrical connections to the interface board have also been reserved for this application, see pins
6-9 of the MAVE PORT in figure B.3. It will be necessary to ground the signals and add fur-
ther resistors to prevent damaging the interface board. Software interface extensions would also
have to be made to the files eye.c, eye.h, eye con.c.nme, eye con.c.uni and eye sim.c, in order
to process the information, resulting from the changing gimbal positions. Although the changes
involve modifications at a range of levels, they are quite minor, but would contribute significantly
to further research.

Linear Control

With the extension of the experimental environment to process gimbal position information, the
next steps would see the implementation of control mechanisms that, similar to the human eye, can
produce a linear relationship to the eyeball position. Such a control mechanism could be imple-
mented in arange of ways. One could investigate alow level pulse width (PW) change adaptability
that can provide an interface to higher controller levels, that are less adaptable, such asthe dog net.
It could also be investigated if controllers can be designed that have a more dynamic relationship
to each other. It would indeed be very interesting to see how such controller combinations would
interact and evolve to generate a MAV E positioning control that behaves very much more like that
of the human extra-oculomotor control system.

Oblique Actuators

Thefinal suggested extension and future work would involve extensive changes to the existing me-
chanical MAVE or the development of an entirely new system. The current experimental MAVE
utilises the dynamics of a gimbal to prevent mechanical torsion, but in biological vision, torsion
is controlled by a complex interaction of all six extra-ocular muscles. In order to test possible
biologically plausible control mechanisms, it would be a rather challenging task to develop and
build an artificial active vision system that used six linear actuators to position a camera. It may
be expected that mechanical singularities will play agreater role in such adevelopment than it has
done here, and many issues not conceived during the design could be brought to light during the
experimental devel opment.

7.4 Final Words

The field of artificia active vision is very diverse and much of the work involved in developing
vision systems has revolved around the design of highly engineered electrical and mechanical plat-
forms, controlled by awide range of gaze control agorithms. Often these do not consider control
issuesin abiologically plausible context. The research here has questioned that paradigm and has
designed, built and controlled an active vision system that is based on physical properties of the
human eye, with an inherently lower positioning accuracy than is present in most active vision
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systems. It has also been shown that it is possible to control such asystem to perform seeing tasks,
such as saccades and smooth pursuit. The required control is not complex and the performance
characteristics are very high, compared to other active vision platforms. It is hoped that this under-
standing will, in future, give rise to vision systems that are cheaper and mechanically less precise,
but have exceptionally high performance characteristics. Thisis particularly of interest in an ever
more competitive industrial world.
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Software I nter face Specification

This appendix covers al of the system procedures and functions that are accessible in the imple-

mentation level of the software hierarchy. The explanations form only ashort guide, but should be

sufficient to aid the implementation of programs with the examples provided in the source code.
Unless otherwise stated in the following text, integer functions will return the following values:

0 Function call encountered an error.
1 Function call completed successfully.

2 Function call unnecessary (thisis possibly returned if a parameter is already set or nothing has
changed since the test function was last called).

A.1 Scheduling

void SetSchedulingDelay (double s) initializes the scheduler timing. The parameter s sets up
the number of time slices to be available to the MAV E controller, before the laser scanner is
given control. The laser scanner is not timed. Its control may take as long asis necessary to
reach the next target location.

void SetSequencingL aser (int times) sets up the number of times the laser controller is to be
called, before calling the MAVE controller.

void SetSequencingEye (int times) sets up the number of times the MAVE controlled is to be
called, before calling the laser controller.

void SetSequencingEnvChange (int times) sets up the number of scheduled iteration times after
which a user defined procedure M akeEnvChange (void) is called. This procedure can be
used to change the properties of the experimental environment without informing the laser
or MAVE controllers. This option is designed to test controller adaptability under changing
experimental environment conditions.

void RunTestSequence (void) tests the laser scanner sequence, without running the MAV E con-
troller. This allows test patterns to be sampled and stored in alog file.

void RunScheduledSequence (void) starts the time dependent scheduler with the parameters de-
fined in: SetSchedulingDelay (doubles). The scheduler will terminate after either the laser
or MAVE controller have set an exit flag.
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void RunSequencedSequence (void) starts the procedure dependent scheduler with the parame-
ters defined in: SetSequencingL aser (int times) and SetSequencingEye (int times). The
scheduler will terminate after either the laser or MAVE controller have set an exit flag.

void PauseScheduling (void) switches scheduling off, to perform commands that may normally
be scheduled, when running in scheduled mode.

void ContinueScheduling (void) switches scheduling back on, after it was switched off with
PauseScheduling (void).

int TestController (void) isamandatory function call and must be present in one of the top level
program files. It contains the code that controls the camera movement during scheduled
operations. If scheduled operations are not required, this procedure must still be defined,
but can be added as a dummy. If this function returns 0, aflag is set to indicate that the test
has been completed. Log generation is shut down correctly and the scheduler isinstructed to
terminate. This also meansthat the laser target pattern is terminated, possibly interrupting a
cycle that would normally include auto repositioning of the laser mirrors. If the return value
is# 0 and a call to TestPattern (void) also returns a # 0, TestController (void) is called
again.

int TestPattern (void) is a mandatory function call and must be present in one of the top level
program files. It contains the code that controls the laser scanner during scheduled oper-
ations. If scheduled operations are not required, this procedure must still be defined, but
can be added as a dummy. If this function returns 0, a flag is set to indicate that the test
pattern has completed its cycle. Log generation is shut down correctly and the scheduler
is instructed to terminate. This also means that a possible auto repositioning of the laser
mirrors can be completed. Return values # 0 indicate that the test pattern is still running.

void M akeEnvChange (void) is a mandatory procedure call and must be present in one of the
top level program files. It contains the code that modifies the experimental environment.
If environmental changes are not required, this procedure must still be defined, but can be
added as a dummy.

A.2 Environment Configuration

int ControlMode (int mode) switches between the simulator and hardware controller. It is pos-
sible to change the mode during operation but this should only be done with great care! The
following modes are available:

0 Hardware control
1 Simulation control

A.3 Meteor Configuration
int OpenCapture (void) opens the frame grabber board for operation.

int SetM eteor Params (int scale) sets the internal storage resolution for the captured images.
The following scale values are available:

0 200 x 200
1 567 x 768

0 allows alarger number of images to be processed that have alow resolution. 1 reduces the
image sampling speed, but increases the image resol ution.
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void CloseCapture (void) switches frame grabbing off and frees allocated memory.

A.4 Hardware Configuration

int SetPort (int port) specifies which com port is connected to the control unit. The default port
isl.

int SetBusDelay (int delay) sets up the delay time between communication signals with the con-
trol unit. The value depends on the speed of the computer. The default isO.

int SetScanner Delay (int delay) sets up the delay time between each step of the laser mirrors.
This value depends on the speed of the computer. The default is 0.

int SetPulseWidthUnitSize (double size) setsthe activation time unit size for the solenoids. This
value depends on the speed of the computer. The default is 1.

double CalculatePWUS (void) calculates a unit size value of 1 ms that can be passed to Set-
PulseWidthUnitSize (double size).

int InitConfiguration (void) must be called after the Set* commands and before any other com-
mands! It initializes the control unit with the Set* parameters.

A.5 Laser Operations

int CalibrateShutter (void) places the laser shutter in the closed position. This routine should
be called every time the hardware is first used, as it mechanically test the position of the
shutter.

int Shutter (int satus) opens and closes the laser shutter. For status # 0, the shutter is open. For
status = 0, the shutter is closed. The function relies on the shutter being calibrated first, as
no measurements of the shutter position are made here.

int Laser (int status) switches the laser on and off. For status # O, the laser is switched on. For
status = 0, the laser is switched off. It is recommended to leave the laser switched on and
use Shutter (int status) to hide and show the target.

A.6 Mirror Operations

int CalibrateMirrors (void) places the mirrors to point the laser straight ahead. The mirror
calibration is accurate to within +5.5 steps (+0.825') in the X direction and +3.5 steps
(£0.525°) in the Y direction. A higher accuracy is not achievable, due to the degree of
backlash within the reduction gears, see Section 3.2. A user interface is available which
alows the laser mirrors to be fine tuned by hand.

void XMirror (int steps) rotates one laser mirror in units of 0.15' in the X direction. steps deter-
mines by how many 0.15° unitsthe mirror isrotated. Values > O rotate the mirror clockwise.
Values < 0 rotate the mirror anti clockwise. The value 0 has no effect.

void YMirror (int steps) rotates one laser mirror in units of 0.15 inthe Y direction. steps deter-
mines by how many 0.15° unitsthe mirror isrotated. Values > O rotate the mirror clockwise.
Values < 0 rotate the mirror anti clockwise. The value 0 has no effect.

void Mirrors (int xsetps, int ysteps) allows both laser mirrors to be rotated simultaneously. Val-
ues > O rotate the mirrors clockwise. Values < O rotate the mirrors anti clockwise. The
value 0 has no effect. This procedure implements mirror interpolation.
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A.7 Monocular Active Vision Eye Operations

int XPulseWidth (int width) sets up the pulse width for the actuators that control horizontal ca-
mera movements. Valid parameters are in the range —63 to 63. 0 sets the pulse width of
both actuators to 0. Values between —63 and —1 set the pulse width for one actuator, and
values between 1 and 63 set the pulse width for the other actuator respectively. O represents
apulse width of 10%. +63 represents a pulse width of 70%.

int YPulseWidth (int width) setsup the pulse width for the actuators that control vertical camera
movements. Valid parameters are in the range —63 to 63. 0 sets the pulse width of both
actuators to 0. Values between —63 and —1 set the pulse width for one actuator, and values
between 1 and 63 set the pulse width for the other actuator respectively. 0 represents a pulse
width of 10%. +63 represents a pulse width of 70%.

void XActivate (int time) activates the actuators that control the horizontal camera movement.
Values > 0 control one actuator, values < O control the other actuator. The unit size is
determined by SetBusDelay (int del ay).

void YActivate (int time) activates the actuators that control the vertical camera movement. Val-
ues > 0 control one actuator, values < 0 control the other actuator. The unit size is deter-
mined by SetBusDelay (int delay).

void Activate (int timel, int time2) calls XActivate (int time) and YActivate (int time) in paral-
lel.

It should be noted that the simulator only supports the following pulse width ranges: 0, —63
to —43 and 43 to 63! The above procedures also prevent opposing actuators from being called
simultaneously.

A.8 Image Capture Operations

int CaptureDMA (int gatus) starts continuous direct memory access (DMA) frame grabbing.
DMA is configured with SetM eteor Params (int scal€). CaptureDMA (int status) can be
switched off with status = 0 and on with status = 1. CaptureDMA (int status) must be
switched on when CaptureFrame (void) is called!

void CaptureFrame (void) copies an image from the continuously updated memory to a tempo-
rary memory location. Please refer to SaveFrame (char xFname) and SaveToX (void) to
display images stored.

int CaptureFrameDot (int threshold, int dotMin, int dotMax) copies an image from the con-
tinuously updated memory to a temporary memory location and detects the location of the
laser target. threshold defines the cutoff value between the background grey level and the
laser target grey level. dotMin defines the minimum size of a bright image region with an
8-connectivity that is allowed to represent atarget. dotMax defines the maximum size of a
bright image region with an 8-connectivity that is allowed to represent atarget. Please also
refer to XIn (int cols), YIn (int rows), Ringln (int rings) and Wedgel n (int wedges) for
information on converting the target locations into integer values.
It should also be noted that this function calls Processlmage (imStruct imageData). The

implementer should not attempt to call Processimage (imStruct imageData) from any-
where within his own code.

int SaveFrame (char *Fname) saves an image from the temporary memory location to a file.
The size of the file is determined by SetM eteor Params (int scal€).
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int SaveToX (void) saves an image from the temporary memory location to an output stream
on the terminal. The size of the display window is determined by SetM eteor Params (int
scal€). This operation does not yet work, due to a bug within the METEOR driver!

A.9 Image Processing Operations

The following structure definition is only relevant if image analysis and gaze control algorithms
are to be implemented on the robotic hardware.

struct imStruct

unsigned char imBuff; // Pointer to the image buffer

int imCols; // Number of image columns

int imRows; // Number of image rows

int xPos; // Detected X image position

int yPos; // Detected Y image position

bool validPos; // Declare the derived position to be valid

};

imBuff, imRows and imCols are values set by the experimental environment and define the
beginning and size of the image array. xPos, yPos are values that are to be set within the function
Processlmage (imStruct imageData). These values specify X and Y coordinates of the image,
with dimensions imRows and imCols, which the MAVE controller uses to control camera posi-
tioning. validPos has to be set to TRUE, indicating that the values set in xPos and yPos are valid
target locations. If Processlmage (imStruct imageData) returns NULL, any modification made
to imageData is not considered by the system. If Processlmage (imStruct imageData) returns
imageData, the functionality of the built in laser target detection function CaptureFrameDot (int
threshold, int dotMin, int dotMax) is overridden.

imStruct Processl mage (imStruct imageData) isamandatory function call that must be present
in one of the top level program files. This function is only accessed when mode in Con-
trolM ode (int mode) is set to 0. The body of this function is defined in the Implementation
Level and alows the user to implement image analysis and gaze control agorithms. |If
Processlmage (imStruct imageData) returns NULL, the following functions in this sec-
tion will use target positions detected by CaptureFrameDot (int threshold, int dotMin,
int dotMax). If imageData is returned, the following functions in this section will access
the values imageData.xPos, imageData.yPos and imageData.validPos. If imageData.yPos
= TRUE, the returned image coordinates form valid target locations. Otherwise, the system
is informed that a valid target location was not detected. The values imageData.imBuff,
imageData.imRows and imageData.imCols are provided by the experimental environment
and provide information of the image storage location and its size, specified by rows and
columns.

It should also be noted that this function is called by CaptureFrameDot (int threshold, int
dotMin, int dotMax). Theimplementer should not attempt to call Processl mage (imStruct
imageData) from anywhere within his own code.

int XIn (int cols) returns the X location of the laser target, detected by CaptureFrameDot (int
threshold, int dotMin, int dotMax) or set by Processl mage (imStruct imageData). The
location of the laser target or set position is scaled to a cartesian image size with ahorizontal
resolution of cols. If the location of the laser target is not detected, the return value is 0.
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int YIn (int rows) returns the Y location of the laser target, detected by CaptureFrameDot (int
threshold, int dotMin, int dotMax) or set by Processl mage (imStruct imageData). The
location of the laser target or set position is scaled to a cartesian image size with a vertical
resolution of rows. If the location of the laser target is not detected, the return value is 0.

int Ringln (int rings) returnsthering location of the laser target, detected by CaptureFrameDot
(int threshold, int dotMin, int dotMax) or set by Processlmage (imStruct imageData).
The location of the laser target or set position is scaled to alog polar image size with aring
resolution of rings. If the location of the laser target is not detected, the return value is 0.

int Wedgel n (int wedges) returns the wedge location of the laser target, detected by Capture-
FrameDot (int threshold, int dotMin, int dotMax) or set by Processimage (imStruct
imageData). The location of the laser target or set position is scaled to alog polar image
size with awedge resolution of wedges. If the location of the laser target is not detected, the
return valueis 0.

A.10 Log Generation

int Generatel og (int setLog) generates alog file for setLog # 0. No log is generated for setLog
= 0. Thelog is used to store information about the performance of camera controllers. The
information can later be extracted in form of graphs or plots, using the parser commands.

void EndL ocationToL og (void) triesto save the current laser target position to thelog file. Other
system statistics are automatically saved to the log file during system operation, if data
logging is switched on.

int TimeStamp (void) triesto write atime stamp for an error graph.

int TimeStampM essage (char xmessage, int location) tries to write a time stamped message to
the current graph location.

The name of the log file is defined at the top of parser.c and may be changed if required. If
parser.c ismodified, it is necessary to rebuild the environment.

A.11 Log Parsing
The following arguments are used when calling procedures in the parsing environment:

logFile is the name of the file that contains the data to be parsed. The default file name is:
“eyelog”.

gnuFile isthe name of atemporary data file, which is used for storing parsed data. The datais
later piped to gnuplot.

psFile isthe name of the postscript output file.
txtFile isthe name of the text output file.

actuator determines the camera actuator for which the statistics should be compiled. The valid
argument rangeis: 0to 3.

plotFormat uses the standard gnuplot formats to set the style of plotted lines. Recommended
arguments are: “dots’, “lines’, “linespoints’ and “points’.

time specifies the timeinterval that is to be plotted.
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rangeFrom specifies the start range for the error plot.
rangeTo specifies the end range for the error plot.

weight specifies the weight used during recursive averaging.
¢S specifies the start of the time interval.

eS shiftsthe label plot range and scales it to the error plot range selected.

The procedures for parsing the log file:

void WriteL ogFile (char «logFile, char *fileSring) writes astring to the *logFile.

void SimFovTrack (char xlogFile, char xgnuFile, char xpsFile, char xplotFormat) simulates
exact camera foveation on the running laser test pattern.

void ConTrac (char «logFile, char xgnuFile, char xpsFile, char «plotFormat) usesdatawhich
was generated by RunTestSequence (int onTimes) in hardware control mode. *psFileisa
postscript file which shows the laser test pattern without moving the camera.

void SimTrac (char *logFile, char xgnuFile, char *psFile, char xplotFormat) usesdatawhich
was generated by RunTestSequence (int onTimes) in simulator control mode. *psFileisa
postscript file which shows the laser test pattern without moving the camera.

void ConCamTrack (char xlogFile, char xgnuFile, char xpsFile, char = plotFormat) usesdata
which was generated by RunScheduledSequence (void) in hardware control mode. * psFile
is a postscript file which shows the laser test pattern with the camera under the control of a
MAVE control program.

void SimCamTrack (char xlogFile, char xgnuFile, char xpsFile, char xplotFormat) usesdata
which was generated by RunScheduledSequence (void) in simulator control mode. *ps-
Fileis a postscript file which shows the laser test pattern with the camera under the control
of aMAVE control program.

void ConPWTime (char xlogFile, char xgnuFile, int actuator, char xpsFile) uses data which
was generated by RunScheduledSequence (void) in hardware control mode. *psFileis a
postscript file which shows a graph of pulse width against activation timein ms.

void SimPWTime (char «logFile, char xgnuFile, int actuator, char xpsFile) uses data which
was generated by RunScheduledSequence (void) in simulator control mode. *psFile is a
postscript file which shows a graph of pulse width against activation timein ms.

void ConPWActi (char *xlogFile, char xgnuFile, int actuator, char xpsFile) usesdatawhichwas
generated by RunScheduledSsequence (void) in hardware control mode. *psFile is a
postscript file which shows a graph of pulse width against activation times.

void SimPWACcti (char xlogFile, char xgnuFile, int actuator, char xpsFile) usesdatawhichwas
generated by RunScheduledSequence (void) in simulator control mode. * psFileisapostscript
file which shows a graph of pulse width against activation times.

void Error (char xlogFile, char xgnuFilel, char xgnuFile2, char xgnuFile3, char xgnuFile4,
char xpsFile, char *plotFormat, bool time, int rangeFrom, int rangeTo, float weight, int
cS, int eS) is a powerful facility that evaluates the target to fovea error. This facility also
uses the M akeEnvChange (void) command to evaluate the camera controller performance
on a changing experimental environment.
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void ConStats (char «logFile, char «txtFile) usesdatawhichwasgenerated by RunScheduled-
Sequence (void) in hardware control mode. txtFile is atext file which contains a statistical
evaluation of the camera controller performance.

void SimStats (char xlogFile, char xtxtFile) usesdatawhich wasgenerated by RunScheduled-
Sequence (void) in simulator control mode. txtFile is atext file which contains a statistical
evaluation of the camera controller performance.

A.12 Additional Operations

int Bell (int volume) setsthe volume of the internal buzzer. Legitimate values for volume are 0 to
255. 0 turns the buzzer off.

int Fovealise (int iterations, float factor, float error) abuiltin command that implementsasim-
ple saccadic camera controller. This causes the camera to foveate on the laser target. itera-
tions determines how many times a saccade is to be applied. factor specifies the weight of
each saccade. Values should normally be in the range: 0 > factor < 1. error specifies the
maximum error between the distance of the laser target and the centre of the cameraimage,
before prematurely terminating the number of iterations.

int Trigger (bool switchSate) switches the built in trigger functionality. switchSate = TRUE
closes the trigger circuit. switchState = FALSE opens the trigger circuit. This enables
external devices to be triggered during system operation. Triggering is performed by an
Opto-coupler with the following specifications. open collector 50 mA at max 30 VDC. The
minimum hardware conversion time is 800us. The time for software conversion has not
been measured and may vary from system to system. Please also refer to appendix B for
information on polarity. It should be noted that the trigger implementation overloads the
functionality of some suggested hardware expansions.
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High Level Circuit Diagrams
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Figure B.1: High level circuit diagram of the laser scanner.
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Appendix C

Gimbal Assembly

The mechanical Monocular Active Vision Eye (MAVE) was primarily built from standard compo-
nents, reducing the cost of production. However, an adequate camera mounting mechanism was
not available and had to be manufactured specifically for the application. This appendix showsthe
manufactured components and provides a brief assembly plan that illustrates how the components
fit together. The assembled camera mounting mechanism is referred to as the gimbal assembly,
which itself is subdivided into the gimbal ring assembly, the gimbal cross assembly and the gimbal
frame assembly.

C.1 Gimbal Ring Assembly

The gimbal ring assembly consists of two gimbal rings, four pins and four low friction polymer
bearings.

33

55

Figure C.1: Inner gimbal ring with taps to hold the gimbal cross and mount the CCD camera.

The inner gimbal ring, figure C.1, has twelve M2 taps and two 3mm holes. The taps provide
attachment facilities for the camera and the gimbal cross assembly, figure C.10, to which rod-end
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bearings are connected. The 3mm holes are used to fix 3mm pins which connect the inner gimbal
ring to the outer gimbal ring.
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Figure C.2: Outer gimbal ring with holes for connection pins.

The outer gimbal ring, figure C.2, has two 3mm holes and two 5mm holes. The two 3mm holes
are used to fix 3mm pins which connect the outer gimbal ring to the gimbal frame assembly.
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Figure C.3: Gimbal ring low friction polymer bearing.

The 5mm holes are fitted with low friction polymer bearings, figure C.3, and connect the inner
gimbal ring with the outer gimbal ring.
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Figure C.4: Top plate low friction polymer bearing.

The top plate low friction polymer bearing, figure C.4, fits into the gimbal top plate, figure
C.15, and connects through a 3mm pin to the outer gimbal ring.
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Figure C.5: Base plate low friction polymer bearing.
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The base plate low friction polymer bearing, figure C.5, fits into the pedestal of the gimbal
base plate, figure C.15, and connects through a 3mm pin to the outer gimbal ring.
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Figure C.6: Gimbal ring assembly with bearings and pins.

The gimbal ring assembly, figure C.6, shows the assembled gimbal rings with all bearings and
pins. The outer gimbal ring can rotate freely in the base plate and top plate bearings and provides
a platform with horizontal movement. The inner gimbal ring can rotate freely in the gimbal ring
bearings and provides a platform with vertical movement. As the inner gimbal ring is mounted
inside the outer gimbal ring, a fixed camera would be able to perform horizontal and vertical
movements simultaneously.
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C.2 Gimbal Cross Assembly

The gimbal cross assembly consists of two cross bars and four gimbal ring fixtures.
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Figure C.7: Gimbal cross components.

The two crossbars, figure C.7, are solid cylinders with machined ends. One of the cylindersis
widened in the middle to facilitate an assembly hole.
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Figure C.8: Assembled gimbal cross.

The hole allows the crossbars to be assembled in the form of across, figure C.8.
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Figure C.9: Gimbal cross fixtures that allow the gimbal cross to be mounted to the inner gimbal

ring.

Gimbal ring fixtures, figure C.9, have two 2mm holes and machined openings that hold the

ends of the gimbal crossin place.
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Figure C.10: Gimbal cross assembly with fixtures.

The gimbal cross assembly, figure C.10, has eight 2mm holes that allow the cross to be
mounted on the inner gimbal ring.

)

Figure C.11: Gimbal rings and cross assembly.

The Gimbal ring and cross assembly, figure C.11, shows the gimbal cross mounted on the
inner gimbal ring. The eight 2mm holes of the gimbal cross align perfectly with eight M2 taps of
the inner gimbal ring. It should be noted that the rod-end bearings are not shown in this image
and are to be fixed to the gimbal cross before it is mounted on the inner gimbal ring. Spacers, not
shown here, are screwed to the gimbal cross to hold the rod-end bearings in place.
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C.3 Gimbal Frame Assembly

The gimba frame assembly consists of the gimbal base plate, the gimbal back plate and the gimbal
top plate.

114 | 120

Figure C.12: Gimbal base plate with pedestal for the gimbal rings and cross assembly, (view 1).

The gimbal base plate, figure C.12 and C.13, has araised pedestal at one end, in which the
base plate low friction polymer bearing fits, and three 4mm holes at the other end which hold the
backplate of the gimbal assembly in place.
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Figure C.13: Gimbal base plate with pedestal for the gimbal rings and cross assembly, (view 2).
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Figure C.14: Gimbal back plate with taps for assembling the base and top plate.
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The gimbal back plate C.14 is mounted by three M4 screwsto one end of the gimbal base plate.
The machined area of the back plate provides a space through which rods can pass, connecting the
gimbal with the solenoids.
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Figure C.15: Gimbal top plate.

The gimbal top plate, figure C.15, has a 5mm hole at one end, in which the top plate low
friction polymer bearing fits, and three 4mm holes for M4 screws at the other end.
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a

Figure C.16: Complete gimbal assembly.

The gimbal assembly in figure C.16 shows all components except for the screws and gimbal
cross spacers. Larger components (gimbal frame assembly), and those subjected to high accel-
erations (gimbal rings) are manufactured out of aluminium, to increase performance of the plat-
form and aso reduce the overall weight of the completed system. Smaller components (gimbal
cross assembly) are manufactured out of steel and brass, to withstand the torque of fully activated
solenoids.
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C.4 Images

The following images demonstrate the completed and integrated gimbal assembly.

Figure C.17: Front view of the completed gimbal assembly with mounted camera, solenoid acti-
vation unit and damping unit. The wiring and a form of rough gimbal position feedback is also
implemented (two potentiometers can be mounted on top of the gimbal top plate and the extreme
|eft side of the outer gimbal ring).



Appendix C. Gimbal Assembly 128

Figure C.18: Closeup view of gimbal ring and gimbal cross assembly with mounted camera, rod-
end bearings and rods. The mechanism for rough gimbal tilt position feedback is also visible (a
potentiometer can be mounted on the extreme side of the outer gimbal ring).
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Figure C.19: Side view of gimbal ring and gimbal cross assembly with mounted camera, rod-
end bearings and rods. The mechanism for rough gimbal pan position feedback is aso visible (a
potentiometer can be mounted on top of the gimbal top plate). The gimbal is positioned in two
extreme pan and tilt positions.
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System Assembly

The rabotic components, designed specifically for thisresearch, are housed in three separate cases,
figure D.1. Thisappendix takesahigh level view of these three cases and identifies the location and
arrangement of significant components. Appendices B and C provide more detailed information
on the assembly of the mechanics and the interaction of electrical components.

Figure D.2 shows a front view of the laser scanner with the stepper motors for shutter control
and vertical target movement clearly visible. The location of the laser source, the light barrier
for shutter positioning and the photo transistors for horizontal and vertical mirror calibration are
also highlighted. Figure D.3 shows a rear view of the laser scanner, with all three stepper mo-
tors visible. The location of the laser source, the light barrier and the photo transistors are also
highlighted.

Figure D.4 exposes the main interface and control electronics. The computer interface board
with its own power supply and three stepper motor controllers are the central components. The
large power supply unit supplies the stepper motor controllers and the components of the laser
scanner.

Figure D.5 shows the internal components of the mechanical Monocular Active Vision Eye
(MAVE). The power supply and regulation components are in the top half of the image. The
pulse width modulators that drive the solenoids are arranged in the middle of the image, and the
mechanics and camera of the MAVE are arranged at the bottom of the image.

The images in this appendix are not uniformly scaled. Some images also appear slight distor-
tions, due to the camera set up at the time of picture acquisition.



On/Off
Switch

Laser Scanner

Laser
Aperture

s

Air Vent

Control Unit

O O C— O

Video MAVE
Key Out Port Port

Laser Trigger

Mechanical Active Vision Eye (MAVE)

On/Off
Switch




Appendix D. System Assembly 131

D.1 All Units

Figure D.1. The three encased experimental hardware units. The laser scanner, the control unit
and the mechanical MAVE.
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D.2 Laser Scanner
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Figure D.2: Front view of the laser scanner with the case removed.
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Figure D.3: Rear view of the laser scanner with the case removed.
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D.3 Control Unit
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Figure D.4: Top view of the control unit with the case removed.
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D.4 Monocular Active Vision Eye

Figure D.5: Top view of the mechanical MAV E with the case removed.
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Acronyms

AC Alternating Current

ADP Adenosine Di Phosphate

Al Artificia Intelligence

ATP Adenosine Tri Phosphate

CCD Charge Coupled Device

COGS  Schoal of Cognitive and Computing Sciences
CPU Central Processing Unit

DAl Department of Artificial Intelligence
DC Direct Current

DMA Direct Memory Access

DOS Disc Operating System

EMF Electro Magnetic Field

FSM Finite State Machine

1°C Inter-1C bus

IC Integrated Circuit

LED Light Emitting Diode

LSL Langsame Storsichere Logikfamilie
LVR Laser Videodisc Recorder

mA Milli Ampere

MAVE  Monocular Active Vision Eye

MB Mega Byte

PSU Power Supply Unit

PW Pulse Width

PWM Pulse Width Modulation

RAM Random Access Memory

SMC Stepper Motor Controller

SVGA Super Video Graphics Accelerator
vDC Volt DC

Vestibulo-Ocular Reflex
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