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A MODEL OF ACTIVE AND ATTENTIVE VISION

ABSTRACT

Biological vision systems explore their environment by allocating their resources to
interesting parts of a scene, using both physical and mental attention mechanisms. The
result of this active and attentive vision behavior is a sequence of images obtained from
different spatial locations at different times. However, temporal processes and integration
mechanisms in the brain enable us to interpret this information and perceive a stable image
of the environment. While models of such attention and perception mechanisms are
invaluable to understand human vision, they are also increasingly used and improved by
robotics and artificial intelligence researchers to achieve human-like performance. In a
similar attempt, we propose a new and complete model of active vision behavior, based on
confirmed biological evidence where available. The model consists of an attention system,
temporal image sequence processing algorithms and an integrative visual memory. All
components of the model are implemented on our mobile robot APES. Gaze control,
sequence based scene recognition and visual integration tasks are assumed during
experiments. Results of gaze control experiments clearly demonstrate a human-like
selective attention behavior, which can be fully controlled by a number of parameters. In
recognition and integration tasks, simple and complex scenes were successfully modeled
and classified. Furthermore, our work on attentional image sequences raised a number of
interesting questions, some of which have been answered in this thesis.

Keywords: Selective attention, robot vision, active vision, attentive vision, eye

movements, temporal recognition, scene classification.
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AKTIF VE ILGIYE DAYALI GORME MODELI

OZET

Biyolojik gérme sistemleri fiziksel ve zihinSel ilgi mekanizmalar kullanarak bilgi
islem kaynaklarnni ilging goriintii bélgelerine yogunlagtirirlar. Bu aktif ve ilgiye dayah
gorme davramiginin sonucunda farkli alanlardan farkli zamanlarda alinmig bir dizi goriintii
elde edilir. Ancak beyindeki zamansal iglem ve birlestirme mekanizmalari bu veriyi
degerlendirmemizi ve ortamin sabit, duragan bir goriintiisiinii algilamamiz1 saglar. Bu tiir
ilgi ve alg1 mekanizmalarina ait modeller insan gérme sisteminin anlagilmasini saglarken
bir yandan da, insana yakin bir bagarima ulagsmak amaciyla, robot ve yapay zeka
aragtirmacilan tarafindan kullanilmakta ve gelistirilmektedir. Benzer bir girisirrile bu
raporda, varoldugunda biyolojik kanitlara dayanan, yeni ve tam bir aktif gérme davranigi
modeli oOneriyoruz. Model bir ilgi sisteminden, zamansal goriintii dizilerini isleyen
algoritmalardan ve birlestirici bir gorsel bellekten olugmaktadir. Modelin tiim bilesenleri
hareketli robotumuz APES iizerinde uygulanmistir. Deneyler sirasinda bakig kontrolii,
dizilere dayali goriintii tamma ve gorsel birlestirme isleri yapilmugtir. Bakig kontrolii
deneylerinde agik¢a belli parametrelerle kontrol edilebilen insansi segici ilgi davrams:
gozlenmigtir. Tanima ve birlestirme deneylerinde g¢esitli basit ve karmagik goriintiiler
basartyla modellenmis ve smmflandinlmigtir. Ayrica ilgiye dayali goriintii dizileri
izerindeki caligmalarimiz bir kismu bu raporda cevaplanan bazi ilging sorular ortaya
¢ikarmigtir.

Anahtar Sozciikler: Segici ilgi, robotla gorme, aktif gérme, ilgiye dayal1 gérme,

g0z hareketleri, temporal tanima, gériintii tanima.
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1. INTRODUCTION

Understanding human vision is a joint effort by biological and computational vision
researchers. At the intersection of these two practically distinct but theoretically similar
goals, vision implants, prostheses, humanoid robots, simulation models, new clinical
equipment and treatment techniques are capitalizing on the same research. This thesis is an
effort at this intersection, towards modeling attention, memory, scene representation and
recognition mechanisms in biological vision and implementing them on an attentive robot

vision system.

Mathematical and conceptual models contribute to our understanding of biological
systems. Furthermore they are also widely employed in robotics and automation to mimic
biological performance in artificial systems. In this respect, artificial vision research faces
a big challenge, as the vision system is one of the most complex and poorly understood
biological systems. Still, many structural and functional properties of primate vision have
been successfully modeled and have lead to important developments in robot vision. Some
of these are worth noting here to provide motivation for biologically inspired robotic

systems.

The idea of representing visual scenes using edges was a direct consequence of the
discovery of neurons responding to edges in the visual cortex [1,2,3,4,6,7,8,9]. Edge
detection later became a starting point for many computer vision algorithms [10,11,12,13].
Hubel and Wiesel's exciting discovery of cortical cells responding to edges in different
orientations [4] and recent experiments by Gallant et al. [2,3] inspired the use of multi-
orientation, multi-frequency feature detectors instead of classical horizontal and vertical
operators. Topographical organization and specialization in the visual cortex was
discovered by Zeki and a number of other physiologists [13]. These discoveries confirmed
that different modalities of the scene were processed separately and contributed to scene
understanding through complex reentrant connections in the cortex. Other concepts and

tools like neural networks, learning algorithms, filtering and transformation techniques,
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emergent behavior, were all either inspired or confirmed by biological findings [10,12,

13,15,16,17,18].

Later in early 80s artificial vision research concentrated on another important
discovery by psychologists and physiologists. While psychological experiments as early as
the 1970s suggested that vision was a serial process [18,19,20,21], physiologists verified
that there was a high concentration of photoreceptor cells on the central fovea region of the
retina - which had the consequence of necessitating eye motions in order to analyze a scene
in detail [7,22]. This enabled to avoid detailed processing of non-relevant visual data.
Further research has revealed both overt attention mechanisms characterized by head and
eye motions and unconscious covert attention mechanisms [6,13,18,19,23,24,25,27,29,

31,34].

The discovery of attention effects and serial processing was closely related to major
problems of artificial vision including real time operation and performing complex visual
tasks in a dynamic environment. A new vision paradigm made use of these findings and
was called active vision or animate vision [35,36,37,38,40,41,42,43,44]. In this thesis a
third term, attentive vision, is also used to emphasize the fact that an attention mechanism

is the major difference between classical and active vision systems.

1.1 Problem Statement

Working with active vision systems first requires the solution of selective attention
problem by simulating the structure and movements of the eye. A retina model providing
fovea-periphery distinction and an electromechanical system, which can be controlled to
direct attention, must be developed. Pre-attentive and attentive features must be defined
and extracted according to the given task. Intelligent algorithms for selecting the next
fixation point are also required to maximize the information content of the generated

attentional sequence.
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In order to be able to use active vision systems in real world vision tasks, the output
of the system — the attentional image sequence — must be processed appropriately. As a
basic requirement the system must be able to learn, generalize, and mathematically
represent the stream of images of different spatial locations fixated using the selective
attention mechanism. Then, these models can be used to recognize sequences or parts of
sequences, which will in turn enable the system to make decisions based on visual
observation. The sequence modeling and recognition algorithms should also have temporal
properties, such that a recognition task can be completed at any time while looking at a

scene, if sufficient information is collected.

Another interesting problem in active vision is environment modeling during
selective attention, usually by a system which is both active and mobile. This problem also
has common properties with the problem of visual integration over fixations in cognitive
psychology. The basic question is how to combine information collected during different
fixations, such that a stable image or model of the environment is always available for
higher level functions. Humans perform this integration unconsciously and perceive a
stable image of their environment in spite of continuous eye movements, but the

underlying mechanisms are still unknown.

1.2 Related Literature

1.2.1 Biology of Vision and Attention

1.2.1.1 Processing in the Retina

Since the 1950s many researchers have worked on the structure and functions of the
retina, making it the best understood component of the mammalian visual system [3,4,7,
8.9,22]. Unlike other receptors in the body, the retina is not a peripheral organ, but a part of
the central nervous system which has direct connections to brain structures. Light sensitive
receptors on the retina - cones and rods for day and night vision respectively - are the first

neural elements in the visual pathway. Visual information from the receptors is processed
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and projected to higher centres of vision by bipolar, horizontal, amacrine, and ganglion
cells, found in three layers of the retina. The final projection neurons are the ganglion cells
which are organized in three parallel systems, X, Y, and W participating in high acuity
vision, fast and crude analysis of the scene, and head and eye movements respectively.
Ganglions convey the visual information, processed by the massive neural network of the
retina, to the higher centers of vision like the lateral geniculate nucleus, superior colliculus,
the primary visual cortex, and other brain structures. Bipolar cells are used to connect
receptors to ganglions, and finally the horizontal and amacrine cells modulate the
information flow from the receptor to bipolar to ganglion cells. Though processing
performed by the retina is limited to blob detection in an on-centre off-surround or off-
centre on-surround manner, an enormous amount of variation is built into this simple
operation in terms of acuity, sensitivity, spatial integration, and processing speed.
Moreover, the distribution of receptor cells on the retina is not uniform, but rather like a
gaussian with a small variance, resulting in a loss of resolution as we move away from the
optical axis of the eye. The small region of highest acuity around the optical axis is called
the fovea, and the rest of the retina is called periphery. In very general terms, this fovea-
periphery distinction in the retina brings about the need for fixating on regions of interest

for detailed processing and thus, removes a great deal of redundancy.

1.2.1.2 Processing in the Visual Cortex

After developing a detailed map of the complex structure of the retina, research has
been directed to the visual cortex and the relatively simple lateral geniculate nucleus acting
as a distribution point between the retinal ganglions and the cortex. D.H.Hubel and
colleagues accidentally found out that a large number of cells in the primary or striate
cortex (also called area V1) - which they later named ‘complex' - responded only to moving
edges of a particular orientation [4,7,45]. Other cells called 'simple’ were responding to still
edges of a particular orientation placed properly in their receptive fields. Later, they also
discovered cells with radially symmetric receptive fields responding to edges regardless of
orientation, and cells with 'end-stopping' property for corner and curvature detection. When
the receptive fields of these cells were considered, a topographical organization of

connections, from the retina to lateral geniculates and from there to the primary and other
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parts of the visual cortex, was observed. This means that the retinal image was represented
in all of these centers, and the number of cells dedicated to representing some part of the
retina were proportional to the number of receptors in that region. In this case the small
fovea was represented by more cells in the cortex than the whole periphery. Another
important discovery about the image representations in higher centers was related to the
level of abstraction. As we move from the retina to the primary and other cortical regions,
the features that the cells respond became more complex, and the receptive fields of these
cells on the retina became larger and larger. For example in the primary visual cortex
simple cells responded to lines of a particular orientation, more common complex cells
responded to their movement, and some cells both simple and complex responded to
specified comers and curvatures. In other cortical regions like V2, V3, V4, and V5
collectively called visual association cortex or prestriate cortex, different cells responded to
color, motion, and orientation [4,13,45,47). This specialization and abstraction of
information also found evidence in clinical studies. However, contrary to many
expectations, the cortical regions were not connected to a higher centre where the visual
scene was perceived, rather they are found to be connected to each other by reentrant

connections, as a result of recent work by S.Zeki and collegues [13].

1.2.1.3 The Oculomeotor System

Humans explore the visual environment by directing their eyes to interesting
stimuli. Due to the properties of human retina each time we look in a different direction we
can only see the small foveal region in detail. The rest of the picture is not detailed enough
to recognize any object or feature. The rapid motion (up to 400-600 deg/sec) between these
fixations is called a saccade. The low speed of neural elements makes perception
impossible during a saccade. Therefore we are practically blind during a saccade. As a
result, the information obtained by the eye is a collection of images or snapshots of
different spatial locations taken at different times. How this information is converted into a
smooth, continuous, stationary image is currently one of the most interesting questions of

vision research.
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In many older studies usually five or six different types of eye movements
controlled by the oculomotor system are listed. These are saccades, smooth pursuit
movement, high frequency tremors, the opto-kinetic reflex, and vergence. However recent
studies generally consider only three types of movements using different mechanisms.
These are smooth pursuit movement, eye movements during maintained stable gaze, and

saccades [18,19].

Maintained stable gaze: Maintained stable gaze is defined as the condition when
we try to look at a stationary target. The behavior of the eyeball in this state is important to
determine the exact retinal image seen by the higher vision centers in the brain. Although
the eyes may look completely stationary during fixation, accurate measurements prove that

in fact they make very small amplitude oscillations of varying frequencies.

In many studies high frequencey tremors (30-80 Hz) of small amplitudes (about 15
sec. arc) were observed to be superimposed on lower frequency (2-5 Hz) but higher
amplitude (5-10 min. arc) oscillations. Also at intervals ranging from 0.2 to several
seconds, small amplitude (5-10 min. arc) saccades (microsaccades) were observed. The
result of maintained fixation studies was the discovery of the role of retinal image motion
in vision. Any image artificially stabilized on the retina was found to fade away within a
few seconds. In 1980s, almost 30 years after this observation, cortical cells responding
only to moving stimuli were discovered in the visual cortex. It was also found that the
stability of fixation and the mean position of the eyeball were not affected by the color of -
the target, the luminance of the target, the size of the target (priovided that it was small
enough to fit in the fovea). It is now widely accepted that eye movements during
maintained fixation are largely related to the operation of motion sensitive neurons. It is
also thought that this continuous motion may be effective in reducing the latency of

saccadic response.

Smooth pursuit movement: Unlike saccades smooth pursuit eye movements
cannot be initiated voluntarily without a moving stimulus and they cannot be completely
suppressed in the presence of a moving target. A well known pursuit or tracking movement

called opto-kinetic nystagmus (OKN) has been widely used to detect anomalies of the
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frontal lobe. OKN was previously thought to be a different reflex but recent studies

showed that the mechanisms of smooth pursuit and OKN were essentially the same.

The behavior of the smooth pursuit system in the presence of more than one moving
stimuli was one of the first questions about smooth pursuit. The straightforward answer
was that the effects of all stimuli would be combined in some way but this was not true.
Instead a selective attention mechanism determined the input to the oculomotor system.
For example in the case of two moving targets one of the stimuli was chosen by selective

attention and after a fixation saccade the target was smoothly tracked."

Another interesting property of smooth pursuit was its performance. In early
measurements human eye seemed to respond very quickly to stimulus motion and tracking
performance was also very good. As early as 1950s it was understood that human eye was
using the observed error to predict target behavior and improve tracking performance.
While researchers were trying to model this tracking performance by predicting
controllers, tracking experiments using better measurement equipment proved that in fact
the eye was moving almost as much as 300 ms. before the stimulus. Motion before the
target clearly implied that smooth pursuit was also under control of cognitive factors like
expectations and memory. In the case of random target motion the eye could also make a
wrong start and then correct its motion based on the error. This anticipatory behaviour was
first realized by Dodge in 1930s and it was better defined by Westheimer, Kowler,

Steinman, Becker and other researchers in 80s and 90s.

As a result of anticipation, regular or periodic visual stimuli are tracked more
accurately than stimuli moving in irregular patterns. The human vision system is able to
predict target motion and guide eye movements accordingly. This is particularly important
in analyzing and understanding human vision as any observed oculomotor response - either
saccadic or smooth pursuit - is a combination of stimulus driven and anticipatory

behaviors.

Saccades: Rapid eye motions between successive fixations are called saccades.
Saccades are made 2-3 times every second and they are almost always initiated voluntarily.

They are used to direct the fovea to an interesting location in the periphery
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[18,19,28,29,31]. The accuracy of saccades decreases by the distance of the target to the
current fixation. Human saccades are almost always larger than 0.5 degrees. In 1961
Rashbass proposed a hard wired saccadic dead zone based on this information, however it
was found in 1973 that humans could in fact make smaller saccades when asked to do so
and the dead zone was due to a reluctance to do so [18]. In other words the dead zone was

a result of higher level cognitive processes.

For years researchers could not decide whether the saccade was a reflexive response
to a stimulus or a voluntary behaviour. Studies in 1980s proved that saccadic responses
were faster when the position of the stimulus could be guessed by the subject showing that
saccades were programmed before the appearance of the stimulus. The flight path was also
not changed after the saccade was initiated even if the target location changed. Another
interesting result was that depending on the complexity and timing of the task, humans
could choose to make faster but less accurate saccades and vice versa. All these studies
showed that saccades are programmed voluntarily based on some criteria which is not yet

fully understood [18,20,21,23,24,26,29].

The interest criteria attracting the eye can partially be determined by looking at the
responses of neurons in the retina and visual cortices [1,2,3,4,7,11,22,49]. However, how
these features are combined into a single interest criteria is unknown. Another interesting
question is whether this criteria is only based on visual properties like brightness, edge
content, motion, etc. In a number of recent studies it was shown that high level semantic-
properties of objects in the periphery were not effective in determining the next fixation

point.

Two of the better-understood cognitive effects in saccade programming are negative
priming and inhibition of return. Negative priming refers to a subject's reluctance to pay
attention to a feature if that feature had been ignored for some reason in a previous task.
Similarly inhibition of return is the inhibition of spatial locations or features which have
just been fixated. Together with dead-zone and interest criteria, negative priming and
inhibition of return are the elements of covert attention, which is defined as attentional

effects of which the person has no conscious awareness [34].
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1.2.1.4 Oculomotor Models

Efforts on modeling human oculomotor system mostly concentrate on the smooth
pursuit system which is involved in target tracking tasks. In few studies models of saccadic
system are also proposed. In order of increasing success the main approaches to the
problem include linear and predicting controller models, optimization and stochastic

estimation techniques and methods based on decision making [18,19,53,55].

The oculomotor system is known to be non-linear. However, modeling it as a linear
time invariant system still works for small signals and some of the non-linearity can be
introduced by limiting acceleration and velocity. Various aspects of linear systems
approaches can be illustrated on a second order linear system offered by Westheimer in
1954 to model oculomotor behavior [18]. This second order dynamic system is causal, i.e.
it cannot respond before a stimulus is presented. Its performance is the same with
predictable or unpredictable stimuli. The system is also time-invariant which means that it

cannot improve or change its performance in time.

It is also thought that some aspects of the oculomotor systems may be modeled by
classical control theory if the observed anticipatory behavior could be represented and
introduced as a fixed predictor in the signal path [18]. For example in 1963 Dallos and
Jones studied the gain and phase lag of pursuit as a function of the frequency of predictable
and random target motions and designed a predictor based on this data. The memory
system generated an expected signal which was compared to the actual error signal. If they
match the predictor was inserted in the loop, otherwise error signal was fed into the plant.
Other researchers applied methods which were based on the same idea. However one
major limitation of this idea was that the resulting predictor was not physically realizable.

The model also failed to characterize saccadic eye motions.

In 1984 Yasui and Young developed a model of anticipation in which they
seperated the two components. They assumed that the output of the system is an additive
combination of pursuit and saccadic subsystems. They also proposed that the effective

input to the saccadic subsystem was the positional error minus the pursuit component.
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However Yasui and Young’s analyses did not permit a complete evaluation of their

hypothesis [18,20,21].

The models discussed so far can account for some aspects of anticipation, however
they cannot explain how the system can learn to predict and they also cannot explain some
apparent anticipatory effects like eye motion occuring before stimulus. The general idea in
this respect is that the system responds to a hypothetical internal signal. More recent
approaches which come closer to modelling such phenomena are based on optimal

estimation, stochastic methods and modern control theory.

In an optimal control approach the problem is defined by the dynamics of the
system, an objective function to be minimized and some constraints. In this case the
dynamics of the system is determined by the mechanical properties of the eye. The
objective function is task dependent. In the case of tracking the objective is to minimize the
error between the target and the optical axis of the eye. Finally constraints are introduced

by physiological limitations like forces applied to the system.

Kalman filter is another method used to model eye movement during tracking [18].
Kalman filter can generate predictions of target trajectory in a recursive manner. The
prediction is refined at each time step by an equation of the form x(t+1) = a(t)x(t)+b(t)y(t),
where X is the estimate of the state of the target and y is the observed position of the target.
Coefficients a and b determine the contribution of these two components based on their
relative contamination by noise. In general these parameters are calculated from the linear
model used for target motion and from the statistics of x and y. A serious objection to
Kalman filtering is the requirement of a linear target model. It is also not considered
logical to assume that the oculomotor system can identify and recall the parameters of

target motion.

In general all control theoretic approaches can successfully model human
oculomotor behavior in a special case and under certain assumptions. More recent models
can learn to extrapolate or model target motion. However, at least the following three

properties of the oculomotor system cannot be modeled by these approaches:
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1. the ability to learn how to extrapolate all types of target trajectory,
2. the ability to incorporate contextual information and change behavior respectively,

3. the ability to make voluntary decisions.

The above difficulties are overcome by using decision making methods to model
higher level functions of the oculomotor system [18,19,39,55,56,57]. Adaptive networks
and Markov models are some approaches that are used to model decisions made during eye
movements based on previous experience. A more interesting and challenging idea is to
integrate these models with a stimulus based response. Research in this field is still in its
infancy and applications by Jordan, Falmagne or Kowler et al. are limited to simple

situations like eye motions during following a stimulus with two possible paths.

1.2.1.5 Key Properties of Biological Vision

Although our understanding of visual perception is still incomplete, in the light of

the above discussion it is possible to list the key properties of biological vision as follows:

1- Fovea - Periphery Distinction: Biological vision systems process only a small
part of their visual field in detail. Unlike traditional cameras used by man made imaging
systems, the distribution of receptor cells on the retina is like a gaussian with a very small
variance, resulting in a dramatic loss of resolution as we move away from the optical axis
of the eye. The small region of highest acuity around the optical axis is called the fovea,

and the rest of the retina is called periphery.

2- Overt and Covert Attention: As a consequence of fovea-periphery distinction,
saccades — rapid eye movements - are used to bring images of chosen objects to fovea
where resolution of fine visual detail is at its best. This physical attention mechanism is
called overt attention. Saccadic eye movements are voluntary and require the computation
of the relative position of a visual feature of interest with respect to the fovea in order to
determine the direction and amplitude of the saccade. A second type of attention system

called covert attention refers to unconscious attentional effects. These include poorly
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understood complex cognitive processes, which determine the attention behavior of the

system.

3- Levels of Representation: A third feature is that cells in the visual path from
retina to the primary and other cortical regions respond to increasingly more complex
stimuli, accompanied by larger receptive fields on the retina. For example in the primary
visual cortex, simple cells respond to lines of a particular orientation, more common
complex cells respond to motion, and some cells both simple and complex respond to

specified comers and curvatures.

4- Serial Processing: Although the human visual system is massively parallel in
structure, most visual tasks also require serial processing as the oculomotor activity results
in the perception of a series of images in time. Especially in counting or comparison
experiments more complex scenes lead to longer processing times in human subjects
because of increased number of fixations or eye movements required to solve the task. This
implies that information is collected and somehow combined after each fixation until there

is enough information to make a decision.

5- Memory: Human vision also relies heavily on short and long term memory.
Some cognitive effects during attention like inhibition of return or negative priming require
a short-term memory mechanism. Long term memory is used to accumulate visual
information during fixations and to build abstract models of the environment that can last

for years.

1.2.2 Active and Attentive Robot Vision

Biological vision systems have the capability of allocating their visual resources to
different parts of a scene in time by shifting their attention. This shift of attention is
obtained mechanically by eye and head motions and also by higher level cognitive
mechanisms in a continual loop of pre-attention and attention. The incoming stream of sub-
images is then utilized to generate a spatio-temporally related sequence of features --

referred to as attentional sequence. The term attentional sequence is intended to convey
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two important characteristics of this data: First, at each instant only a small part of the
scene is attended through a fovea-fixation mechanism. Second and perhaps more
fundamentally, the sequential relations between attentive behavior stress the spatio-
temporal nature of the vision data. Visual understanding becomes a problem of properly
interpreting the attentional sequences that are being generated when looking at an object or

a scene.

Machine vision systems endowed with selective perception - motivated by
biological vision - allocate their limited resources to process only the most relevant parts of
the incoming data [13,35,37,38]. This is done by first implementing a retina model, where
a periphery and fovea can be defined and processed at different resolutions or levels of
detail. The fovea is defined to be a small region around the center of the visual field while
the remaining region of the visual field is referred to as the periphery. Periphery-fovea
distinction leads to a loop of pre-attentive and attentive processing as shown in Figure 1.1.
In the pre-attentive stage the periphery is searched for relevant features of interest. Then a
fixation on this feature is made to bring it to the fovea for detailed analysis. At each step
results of fovea processing are added to a sequence of observations. The cognitive stage
works with this attentional sequence in order to achieve given visual tasks. At each time
step in this sequence the cognitive stage uses collected information to improve the system's
knowledge and attempts to make a decision about the task being performed. If a decision
can be made, the task is solved, otherwise the selective attention process continues to

collect information.

New fovea I}‘ - State Sk

 Pre-attention © Attention ~ Cognition

New visual field Ilf,
Figure 1.1 General Flow of Processing in Active Vision
Active vision research has mostly concentrated on generating fixations and

controlling camera movements [12,36,44,59]. Early on, the problem of locating a fovea has

been solved by data-driven saliency operators - where a sequence of camera movements
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emerges from a specific image data [39,40,51]. An alternative approach based on
simplified visual search mechanisms such as using attractive forces has been presented in
[44,65]. A third type of mechanism based on augmented Hidden Markov models -
modeling eye movements explicitly while incorporating feedback from visual cues- has
been presented in [58]. A generalization of these ideas to Bayes networks and decision
theory is presented in [57]. A maximum likelihood strategy for directing attention has been
applied in recognition tasks [53]. Some research also focused on building electro-
mechanical systems that can replicate fast and accurate saccades. Various models of
attention, eye-movements and visual search were developed by both robot vision and
biological vision communities [39,40,51,53,65,68,69,70]. Models of memory and internal
representations and their application in active robot vision is widely discussed in both
biological and computational vision literature [4,12,37,54,61,71]. Although human-like
attention mechanisms in robot vision has rapidly increased, the use of visual data collected

by attentive vision systems remained relatively unexplored [41,42,43,72,73,74,75,76].

1.3 Motivation

We currently lack a complete integrated theory of human attention mechanisms and
oculomotor systems, although their role in visual processes is widely accepted. Since
1960s researchers were able to measure eye movements roughly and many st‘udies
concentrated on finding relationships between eye movements and the input stimulus.
However these input/output relationships were never discovered. In all experiments the
same stimulus could result in different responses and different stimuli could result in the
same response. The only explanation, which is only now gaining support, was the effect of
higher level cognitive factors in visual processing. Although cognitive factors like choice,
effort, selective attention, expectations and memory were known to exist, they were always
ignored or simplified. Therefore research efforts were concentrated especially on the
smooth pursuit movement, rather than the saccadic system, although a few recent studies

incorporated cognitive factors in very simple cases.
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In active robot vision there has been a lot of work on the generation of attentional
sequences either using images from active camera heads or by changing the region of
interest in static images. However, the next step of linking the attentional sequences to
visual tasks and the responsible higher-level mechanisms are less explored. Yet,
developing models of such mechanisms prove out to be crucial to understand human vision

and develop attentive robot vision systems.

Integration of visual cues in order to build a long term environment model is
another visual task performed by the humans. While classical computer vision systems do
not need this information, it is crucial for a mobile robot to have this capability. Current
work in environment modeling is separated from active vision research and therefore the

problem is not defined or solved for mobile systems with attention capability.

1.4 General Approach

Our mobile robot APES, described in section 1.7 is used to provide the basic
hardware for active vision. The sensor model and selective attention mechanisms we
propose in chapter 2 incorporate a novel two-camera retina model, edge based pre-attentive
and attentive processing, and some of the well known covert attention effects like
inhibition of return, dead zone, memory and attentive features. The general properties of

attentional sequences generated by such a system are discussed in chapter 3.

Next, in chapter 4, we consider object and scene recognition tasks by an attentive
system and propose two approaches regarding how to make use of attentional sequences in
this problem: Markovian and evidential reasoning. The two approaches — although
seemingly different from each other - have underlying common themes: First, they can be
used with different pre-attentive and attentive features (color, edge, brightness, texture,
etc.) without modification. Secondly, the approaches are capable of handling variations
with regards to scanpaths taken. Finally, these approaches have mechanisms for learning

under external supervision.
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The bubble model proposed in chapter 5 is an attention based integrative memory,
which is considered as a model of visual integration over fixations and a method of

environment modeling for mobile robots.

1.5 Contributions of the Thesis

Major contributions of the thesis are as follows.

Attentional sequences are introduced as a scene modeling and recognition tool.

2. A model for visual integration over saccades, which enables vision based environment
representation by active and attentive vision systems, is introduced.

3. A model of visual attention which simulates the key properties of biological vision is
developed and implemented on a mobile robot — APES. New short term memory and

fixation control techniques are introduced.

1.6 Outline of the Thesis

In the next subsection the mobile robot APES, used as our experimental setup
throughout this thesis, is described. In section 2 we develop a model of visual attention,
which simulates the key properties of visual attention. Then the output of the attention
mechanism — the attenional sequence is analyzed and its representation capability is
discussed. In chapter 4 two algorithms for using attentional sequences in scene recognition
are developed. The bubble model for environment modeling and visual integration over
saccades is proposed in chapter 5. Then these mechanisms are combined into an integrated
model of active and attentive vision. We conclude by summarizing our contributions and

future plans.
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1.7 Experimental Setup: APES — Active Perception System

APES, shown in Figure 1.2, is a mobile robot developed in our laboratory for active
vision research. Its body is driven by two conventional wheels. Using four stepping motors
it can translate and rotate its body and direct its cameras to the visual stimuli by pan and tilt
motions. Body rotation and camera pan axes have been designed to be co-centered, in
order to simplify transformations during combined body and camera motions, and are not

the same as the centerline of the cylindrical body for mechanical stability reasons.

APES is designed to be able to simulate the key properties of biological vision
discussed above. Its simple hardware and flexible software libraries enable easy integration
of different oculomotor and retina models as well as memory and recognition modules to

build a biologically motivated vision system [75,77].

Figure 1.2 APES robot and its 2 dof camera base.



Table 1.1

Technical specifications of APES.
Height: 60cm.
Radius 37cm.
Wheel span: 52cm.
Wheel radius: 15cm.
Drive method: Stepping motors
Power: 12 V Battery
Pan accuracy: 1.8 degrees
Tilt accuracy: 1.8 degrees
Video format: CCIR composite
Image size: 512x512 pixels
Camera lens: 4-47 degree zoom
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Figure 1.3 shows the hardware configuration of APES. The main visual processing
module running on a workstation performs vision processor setup, frame grabbing, pre-
attentive and attentive processing and serial communications. The on-board PC104
computer is responsible for serial communications, motor control, and camera control. All

camera features including zoom angle can be controlled by the on-board computer.

:

[E 1/8 step
motor

driver

| Main board | - - - {Keyboard|

s PC104 bus
Sparc2
! PC104 hus
Level
Bus convetter converter|  [VGA}-----
Frame
grabber

Figure 1.3 Schematic of APES

The two degrees of freedom step motor based head assembly and camera motions
of APES cannot be compared to the highly developed oculomotor system. However APES
can effectively control the optical axis of its camera with an accuracy of 1.8 degrees due to
its step motor based drive system. Camera motions correspond to large and fast saccadic

motions of the eye, which are used for fixating different spatial targets. During operation
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the saccade system determines the new fixation point in the periphery and the
corresponding saccade vector. This information is sent to the on-board computer which

moves the camera accordingly. The new visual field is then processed by the vision

system.

In addition to this physical attention mechanism, during both pre-attention and
attention stages, APES can use different features to change its attention criteria and to
obtain different representations of it visual environment. Currently in the pre-attentive
stage APES uses either edge content (computed by the gradient) or brightness as low level
attention criteria or saliency measures. In the attentive stage APES can process the fovea to
extract features like edge strength, edge type, cartesian and non-cartesian primitives,
relative and absolute saccade directions, etc. which give information about the nature and

relative positions of features.

The ability to use different features in both stages enables APES to explore and
internally represent its environment in different ways. For example by using a gradient
based attention criteria and directional selectivity APES can be made to smoothly follow
object contours, or by using the brightness feature it can be made to fixate on light sources,
reflective objects, etc. Similarly the object whose contour is being traced can be modeled
by using various attentive features. Snapshots from recognition experiments on curved
metal objects, shown in Figure 1.4, demonstrate the controlled contour tracing behavior by

APES. A visual field much smaller than the actual camera image is used in this case.

MODEL ©

Figure 1.4 Snapshots from a recognition experiment using selective attention (right) on curved metal object
(left).
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In Figure 1.5 a snapshot from APES’ main software is shown. The two large image
boxes can display actual visual field image and its gradient or the wide and narrow angle
camera images. Below the gradient image is a subsampled low resolution periphery image
which is used in single camera configuration. The tiny fovea image is also shown on the
left. A control window is used to select operating modes and settings, and a separate data
window displays all computations, including fovea saliencies, attentive features, saccade

vectors, bubble points, fixation numbers, etc.

APES.

APES CONMTROL CE

Figure 1.5 APES main software snapshot.
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2. ANEW MODEL OF VISUAL ATTENTION

2.1 Pre-Attention and Attention

Overt attention behavior characterized by voluntary saccades can be modeled by a
continuous loop of pre-attentive and attentive processing stages. During pre-attention,

simple attentive features are computed from the periphery region in order to select the next

fixation point and thus the next fovea to be fixated. Let I, represent the visual field image
and I; represent the fovea image at time t. Let C(I\) denote the set of candidate foveas —
determined from the visual field. For each candidate fovea I € C(I,) an attention criteria

a:I{ = R™ - a scalar valued function of interest based on the presence of simple features

with low computational requirements — is computed. The candidate fovea maximizing this

criteria is then selected as the next fovea:

I =arg max al}) 2.1

15eC1})

When a selection is made, the optical axis of the camera is directed to bring that

area into fovea. Such camera movements correspond to saccadic eye movements in

humans. As a result, a sequence of foveas is generated. Let F=u L ,I;) be the stream

of foveas looked at as of the T® fixation.

In the attentive stage, each fovea I; is subjected to detailed analysis in order to

make an observation o' about the state of the fovea. In general, this analysis is much

more computational than the pre-attentive stage and the visual primitives that are used can
be rather complex. Consider M different visual primitives and let the set of values of m™

visual primitive be denoted by € . The value of each visual primitive is obtained via

an operator f:I; — Q_  acting on the fovea I;.
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If Q, is a finite set with Ny, elements, then let Q ={v,_,v ,Vm, }denote

m,> "

A
the set of values that f  can take. Let Q denote the feature space as Q=Q, X...xQ,,.

Note that

19| = ]’[1 N, 2.2)

Each observation o'e Q  then becomes a vector of visual primitive values:
o =\f1rs b, £yl 1] 2.3)

Thus, as a stream of foveas I, =(I;,...,I7) is generated, so is an attentional

sequence O" = (0',...,0"). Hence, an attentional sequence can be visualized to be a spatio-
temporally related set values of visual primitives — containing the critical visual data.
Obviously, the choice of the visual primitives is of utmost importance - if we are to use

attentional sequences in visual tasks.The cognition stage then operates on the observation

sequence O in order to solve the given visual task.

2.2 Inhibition and Short Term Fixation Memory

Within this framework, visual processing consists of three basic stages of operation:
pre-attention, attention, and cognition as shown in Figure 4. The visual field components
are shown in Figure 5. A new fovea is found by considering overlapping candidate foveas
within the visual field, computing their saliencies using an attention function a:If —R”
and designating the center of the most salient fovea as the next fixation point as explained
previously. In addition, two mechanisms - inhibition and fixation memory - get activated
before a saccade is made in order to avoid processing the same areas twice or going into
infinite fixation loops. This is motivated by vision science findings that indicate the

presence of dead zone (inhibition) and inhibition of return (fixation memory) mechanisms
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that inhibit small saccades and delay fixations on an area that has just been fixated. The

inhibition mechanism works as follows: An HxH pixel region I, around the currently

fixated fovea I} , at the center of the visual field If, , is defined as the inhibition region. All

candidate foveas Ije C(I;)falling within the inhibition region are inhibited. In this
manner, the inhibition mechanism controls saccade magnitudes. Although not confirmed
biologically, it is also possible to define a non-uniform inhibition field and control saccade
directions as shown in [43,73,75,76,77]. The memory or inhibition of return mechanism
works via keeping track of previously fixated foveas and inhibiting them even if they are
not within the current inhibition region. For this, we use a first-in-first-out memory

C, ={1;,I;',...,1;°} of size D. All foveas in this memory are inhibited during pre-
attention. At the end of each new fixation, I+'Pis removed from while I}"'is added to this

memory.

In summary, pre-attentive processing together with inhibition and memory

mechanisms are merged to form an augmented attention function a:1f — R™ as:

0o i Ipe 1)
als)=1 0 if ILecC, (2.4)
alf) if Iie )¢ C(I})C,

Note that any simple image feature as low level attention criteria can b used in the
pre-attentive stage, and these criteria can be varied in order to generate fixation behaviors
with different characteristics. In the experiments presented in the next sections APES uses

A
a gradient based attention criteria, a(/$)= Y.|VI(p)|.

pEI?

In the attentive stage the fixation fovea is subjected to more detailed processing.
Various complex features can be extracted during attention. In general, the complexity of
attentive processing is proportional to the size of the feature space € and the
computational complexity of the features involved. For example in the object recognition

experiments reported in section 4.4, a very simple feature set Q=0, 1is considered. The
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A
set Q, 1is defined as Q, = {i l i=0, ... ,7} where each value i=0,1,2,3 indicates

an edge oriented ix90° and each value i = 4,5,6,7 indicates an edge oriented

ix90°+45°

Attentive processing strongly affects the performance of any further computation in
the cognitive stage, where the visual task is being solved, as the feature vector strictly
determines the information content of the observation sequence. For example, regardless of
recognition methods being used, consider an object recognition task based on the sequence

generated in the above example. The eight edge types in Q,; are already 45 degree rotated

versions of the same edge, therefore rotation invariance can only be expected up to +/- 22.5

degrees even if edge detection is noiseless.

2.3 Attentive Features

The information content of an attentional sequence, generated as a result of active
vision behavior, is limited to the information content of attentive features. Therefore, one
of the issues critical to the success of vision tasks performed by an attentive system is the
selection of attentive features computed from a fixation fovea. Originally the APES system
used a set of edge types shown in Figure 2.1 and absolute or relative saccade directions
between two successive fixations. Saccade directions are quantized into 8 chain coded
directions as shown in Figure 2.2. In the case of relative direction differential chain code is
used. While edge types contain visual information about the scene, saccade directions give

relative spatial locations of features, which lead to rotation independent geometry.

N o™
V| 4™A

Figure 2.1 Edge types used as attentive features.
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AN

Figure 2.2 Chain coded saccade directions.

In the case of object recognition tasks discussed in section 4.4 edge types are
sufficient to characterize an object's boundary. However, more complex features are
required if the attentional sequence is to represent complex scenes and textures.
Recordings of neural responses by Gallant et al. from Macaque area V4 and previous work
on the visual cortex show that cortical cells respond to a set of Cartesian and non-Cartesian
stimuli which can effectively be used to model a wide range of natural shapes and textures

[2,31.

2.4 Retina Models

The attention model described above assumes fovea-periphery distinction. This is
achieved by a retina model which defines the geometry of the visual field, fovea and
periphery images and the corresponding processing methods. Note that the exact nature of
processing which leads to the selection of a fixation point is not known. However, it is
known that the peripheral image has a very low resolution compared to the fovea and the
same topography is also observed in the visual cortex, where high and low level visual

features are computed.

2.4.1 Geometric Model

Based on the attention mechanisms developed in the previous section, the geometry
of the visual field is shown in Figure 2.3. The outermost large rectangle represents the

visual field and the innermost rectangle is the fovea. The hollow rectangle between the
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fovea and the boundary of the visual field is the periphery. Note that although the
distribution of photoreceptors on the retina is a gaussian, it has a very small variance,

which enables us to draw a strict boundary between the fovea and the periphery.

Periphery

/ - Fovea
BN Inhibition Region

Candidate
foveas

with o, xoy%
overlapping

\ Fixation Point

Figure 2.3 Geometric Model of the Retina

Motivated by the concept of receptive fields in the retina, we also define candidate
foveas in the periphery — groups of pixels which contribute to a single saliency value. Pre-
attentive processing in a candidate fovea determines whether its center will be chosen as

the next fixation point by the saccade system.

Finally the inhibition region is defined to be a rectangular area around the fixation
point where no pre-attentive processing is allowed. Inhibition region corresponds to the
dead-zone effect, which is known to prevent very small saccades in humans. Note that the

size of the inhibition region can be used to actively control saccade magnitudes.

2.4.2 Single Camera Implementation

When a single camera is used to implement the above geometric model, the non-
linear characteristics of the human retina can be simulated by varying complexity of
features extracted from the fovea and periphery, as described above. In the pre-attentive
stage saliency of candidate fixation points are calculated by simple computations in the
periphery, which is usually limited to a gradient operation. After a fixation is made, the

fovea is processed to extract higher level features, as detailed in section 2.4. Note that in
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the case of a single camera implementation the resolutions of the fovea and periphery

images are the same.

2.4.3 Two-Camera Retina Model

In a classical active vision system the retina model is implemented using a single
fixed resolution camera. In this case fovea and periphery images have the same receptor
densities. As a result a wide angle visual field similar to human eye results in a very low
resolution fovea image, which is not suitable for detailed feature extraction. On the other
hand a high resolution fovea results in a very narrow visual field, diminishing the benefits
of attentive vision. Furthermore, fovea and periphery processing have to be sequential and
cannot occur simultaneously even if the required parallel processing hardware is

implemented.

One alternative is a spatially variant CCD, which generates a variable resolution
image similar to that generated by the retina. However the spatially variant CCD is still
under development and current designs do not allow separate fovea and periphery channels

for parallel processing.

A new two-camera configuration provides true variable resolution as well as
parallel processing capability. To obtain a two camera fixation system periphery and fovea
images must be grabbed by separate cameras which have different lens angles as shown in
Figure 2.4. The wide angle camera is used to obtain a periphery image while a narrow

angle camera is used for the fovea image.
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Figure 2.4 Two-Camera Retina Model.

In the APES system the periphery camera has a 46 degree wide angle lens and
generates an angular pixel density of 512/46 which is around 11. The fovea camera has a 5
degree lens angle dedicating all of its 512x512 resolution to a 4 degree viewing angle and
therefore obtains an angular pixel density of 512/4=128. The fovea and periphery images
obtained under these conditions are shown in Figure 2.5 If a single camera system would
be used for the same application, the fovea image of the same area, that would be obtained

while also looking at the same periphery, is shown in Figure 2.6.

Figure 2.5 Periphery and fovea images in the two-camera retina model.
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Figure 2.6 Periphery and fovea images in a single camera or stereo system.

The two cameras are fixed together such that their optical axes are parallel and as
close as possible. There is a horizontal separation of about 5 centimeters between optical
axes which results in a foveal image which is not exactly at the center of the peripheral
image. This error is corrected in software. The controllable zoom lens cameras of APES
also enable to change the areas covered by periphery and fovea images and therefore the
pixel densities used. This can be done dynamically depending on the requirements of the

task.

When an attentive system uses a two-camera configuration the large periphery
image is searched for a fixation point and when it is found this point is converted to fovea
camera coordinates and the amount of motion required for fixation is calculated. Then the
camera assembly is directed to the new fixation point and a fovea image is grabbed. While
this image is being analyzed for higher level features, the periphery camera can be used to
search for the next fixation point if parallel processing is possible. Figure 2.7 shows the

pre-attention - attention loop in the case of a two camera configuration.



Periphery
Cam

Low level
pre-

attentive
processing

Next fixation point

Camera
controller

Fovea Cam

High level

attentive
processing

Cognitive
information

Figure 2.7 Attention procedure in the two camera setup.
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3. THE ATTENTIONAL SEQUENCE

By definition, regardless of its hardware, software or biological structure, if a vision
system is attentive, in the sense that it collects information from different spatial targets at
different times, this system must be generating attentional sequences. Based on this
common property, we ask the following question: Given a single attentive system with
deterministic attention mechanisms and two or more visual scenes, is it possible to
understand which scene is being viewed by looking at the attentional sequence generated

by the system.

3.1 The Sequence Space

Given M different features which can take values Q, ={v,,v, ,....V, } as

A
described in section 2.1 the feature space is Q=Q, X..xQ,. Then the total number of

different sequences of length T is given by T 121 | These sequences form the sequence
space. For example in the simplest single feature case the feature space is one dimensional.
If this feature is allowed to take 4 different values, then the sequence space consists of
4*=256 different sequences. An active vision system uses information from this space to

solve any given classification task.

In a two object recognition task, similar to those we have been working on, the
objective is to divide the sequence space into 4 partitions: 1) sequences which can be
generated only when viewing the first object, 2) sequences which can be generated only
when viewing the second object, 3) sequences that cannot be generated while viewing any
of the two objects, 4) sequences which can be generated while viewing both objects
(intersection region). Note that this partitioning of the sequence space may be simple or

complex and distributed as illustrated in Figure 3.1.
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Figure 3.1 Illustrations of simple and complex partitions of the sequence space.

Interestingly, we found out that even for a very small sequence space consisting of
256 sequences, there are 4°>° possible partitions that can occur in a 2 object classification
task. This means that 4*° different pairs of objects can theoretically be classified by such a
simple attentive vision system. Although this theoretical result is unlikely to be true in
practice it clearly demonstrates the power of sequence based classification and attentive

vision systems.

3.2 Is the Sequence Space Partitioned?

The existence of some kind of simple or complex partitioning in the sequence spacé
is required for any attentive classification algorithm to be successful. This can be shown
experimentally. For this purpose we generate the sequence space for a real world task
using our robotic system. In more than 200 experiments performed on three objects we
generated attentional sequences consisting of 4 and S fixations. The experiments continued
until almost all possible sequences were generated on the given objects and no new
sequence could practically be observed. We found out that the sequences generated on
these three objects, which were 2D shapes "4", "5" and "8" with similar edge features, were
mostly different. The region of intersection mentioned above was very small and had only
1 or 2 sequences among 50. In total only a small part of the space was used by these

objects, but more than 90% of the sequences corresponding to at least one object belonged
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to a single object. Sequences generated in the experiments are shown in Table 3.1 below.

Sequences which belong to the intersection regions are in bold. A set representation of the

sequence space for these experiments is also shown in Figure 3.2.

Table 3.1

50 sequences of five fixations on 2D shapes "5",

"8", and 10411.

DINNNDODDNMDO—ONAN~|——ONONDO|NNN Mmoo~ o —[~—
DINANNNONNDN— NN~ DN~ AN~ O|OIO| oo mla|a;ml;n
D-~NNOOod N —~OlaN~ NN [aafafminolajaicalmajaojaalafa e en
OINNNNNNANoNN NN NodaNaN ool e oo~
NINIDMONONOoONDMD NN ANANNNOoo NN olaol~ oo~ molm~|a
MDNVQIOIN—~NNOMNNOO|CMmnnaammon oo cano oo acaolal~|a
DNDVONN OV MMNNMNMOMMANOONAN|NMMn Ao oo o o|laajmio|[m| o]~
DD RNO|DVI—~NDDBMNDMO NN o|nnnondaan o ~loaln
D DODNDDNDDNDDOBNNONDONDNNRNINRDO Ao oo~
D DIQIOIODANDDINNNBDNNRODNDN— RN~ [N~ Or—Omioln oonld—oln
NMOINOCICMNDNND—NDN O~ NO~lOlOim~ i~ olnommonononola
ANDODNINOVOO|IN OO~ NOMI~inacdinjdoolaNamo[M i~ o o]
NN O NDNNDNDNNDNONNO|O|D—|OND—~ Nl oo unlunlo
NONDNDNDBDNDNDNO|OIMDMANMANNBNANM—NoNNNmonlo/olola
NDNANN OO~ N|~ONNNODO|old~a—~moononon~odoo|~alajmlon
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0/0/3/03] 12|13101313] 1083|2122
Oi1j0{1] 0B21812] 3j0]2(1(2
313/013/0] [313|131213] [31012]3|2
011113 [0BBIBI8] |2|131212]3
031383111 B1231313] 112121213
21321013 013101312 1313|013|3
213121012 [113]0183]3] |2/0i313]1
212101310 B211]1812] [2)1210{12]0
33112 B10[32] 18313/2]2]3
213212101 1|1811018] 131312133
310131012] [1183121313] 3]3]12/0)3
3(1102[3] [0183[13]2]3] 13]2[]2]2}2
1311213] |3[1213[2]1 0/3]2/0]3

874

Figure 3.2 Experimental partitions in the sequence space for 2D shapes.

These results showed that the sequence space was partitioned as we expected and
also that the intersection region was small, theoretically enabling the classification of
scenes even when they have similar features. However, it is not possible to understand the
geometry of this space, as we do not have a distance measure for attentional sequences.
Therefore, whether this partitioning could be detected by a particular classification method

is a different problem discussed in the next section.
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4. SCENE RECOGNITION BY AN ATTENTIVE SYSTEM

An attentive vision system - unlike classical computer vision systems — requires
new approaches to make use of the attentional sequences generated as a result of selective
attention behavior. In this section we propose two new approaches for modeling and

recognition of attentional sequences.

The visual task is defined as follows: Suppose the vision system is looking at a

scene in an attentive manner and thus generating an attentional sequence O" . Furthermore,

suppose that the system knows about L different scenes - to which the scene currently
being looked could belong or not. Then find 1" € L that best explains the observed

attentional sequence O" .

4.1 Markov Models and Reasoning

In this approach the attentional sequence O" = (0',...,0") is considered as a discrete

Markov process with an alphabet @  [78]. This process is associated with the transition

probability matrix A of dimension ]Q! X IQI .

A={P(0"" =v/|o' =vi)}={aij} where v ,v'e Q and Zaij =1 ,VieQ “.1)

jeQ

Here P(o™" =v/|o' =v') = a; denotes the probability of getting a feature value vl

after having observed v'. In a Markov process, each observation o' at time t is called a
state. In our case, each observation o' represents the state of the fovea with respect to the

attentive features.

The transition probability matrix is a probabilistic model of expected fixation
sequences that can be generated while looking at an object. Thus, if we have a library of L

object or scene, each can be represented by a different transition probability matrix A'.
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These matrices are learned after looking at these objects or scenes in a repeated manner —
based on the attentional sequences generated. The learning procedure is explained in detail

in Section 3.3.

When presented with a new object or a scene, the system starts looking at it and an

t+1

attentional sequence O" emerges. Let P(0'"' |0',1) denote the probability of observing o'
q

after having observed o' with the transition probability matrix A' The conditional

observation probability P(O" |1) of this sequence by model 1 is given by:

P(O"|l) = P(o' )-ﬁP(o’“lo’,l) where  P(o' )=i 4.2)
t=1

=

Hence, the correct classification I of an unknown scene can then designated as the

the library model 1€ L maximizing P(OT |D

I" =arg max P(O"|) | (4.3)
le L

It must be noted that as more information is collected and thus the attentional

sequence becomes longer, the value of P (OT |1) decreases and must therefore be scaled

accordingly [78].

4.2 Evidential Models and Reasoning

In this approach the attentional sequence 07 =(o',..,07) is considered as a
sequenced body of evidence — which can then be used to support competing propositions
concerning the correct classification of a scene to different degrees [76,79]. The basic idea
is to use a number between zero and one to indicate the degree of support a body of
evidence provides for each proposition. Different bodies of evidence are then combined to

find the proposition which is most supported.
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Let I” be the correct classification of the scene. Suppose the set of its possible values
are given by L - the frame of discernment. Then propositions of interest are precisely those
of the form “the true value of I” is in A” where and hence are in one to one * orrespondence
with the subsets 2% of L. Thus, we use A2 to denote a proposition. In classification,

we are in particular interested in propositions of the form:

A={1}),1=1...L where L=|l (4.4)

Now suppose for each proposition 4;, we have a transition frequency matrix

T,:QxQ — [0,]. Each entry T,(v',v’/) represents the weight of evidence attested to

observing v’ after having observed v'.

Now let o' €2 be an observation at time t. This observation attests evidence for

each proposition A, . Let w:2'xQ—[0,e0] represent the weight of evidence function.

Then,

w(4,0')=T(o"",0") 4.5)

In evidential reasoning, the degrees of support for various propositions discerned by

L is determined by the weights of evidence attesting to these propositions. Let

s, :2" xQ —[0,1] define a simple support function focused on A;. Then s; can be defined as

0 if AZA
5(A,0)=145/(A,0") if ACAA#L (4.6)
T if A=L

where 5,(4,,0")=1—- g ety

Note that s; is a belief function with basic probability number m(A;)=si(4, ,0),

m(L)=1-s/(A;,0"), m(A,0")=0 for all other A c L that does not contain A,.
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However, each evidence points to a set of propositions A, , 1=1,...,L with different

degrees of support si(4;,0"). Since A, N A, =@ each proposition conflicts with the other.
Hence the effect of each is diminished by the other. The orthogonal sum
s,i : 28 xQ —[0,1] of the simple support functions s; focused on A; are given with basic

probability numbers

4 L 1_ | . ! L
s{4,0 )I}( s(4,0')) 1= 540
m(A,0' )= o and  m(Lo' )= — @.7)
1-]TsfAn0") 1-[1sA.0")
i=1 i=1
and
( 0 if C contains none of A,l=1,...,L
L
s(A,0 )] J(1-s(A0"))
i=l
iil if C contains A but not A,i=1,...L i+l
1-[]s(A.0)
s(C,0' )= =
Y, sA0 ) [(1-s5(4.0))
CcnlL i=1
7 ok if C contains some of A,C# L
1-T]s(A.0")
i=1
1 if C=L

(4.8)

The effect of sj is to provide instantaneous support based on conflicting

heterogeneous evidence for each proposition A;. The calculation of instantaneous support

for a two hypotheses case is schematically shown in Figure 4.1.
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Figure 4.1 Calculation of instantaneous support for a two hypotheses case.

In order to find the total support s; for each proposition A;, the so-far total

cumulated support has to be combined with the instantaneous support s; . This is the case

of homogeneous evidence - evidence strictly supporting a single proposition.

Let s/ :2"x Q' —[0,1] denote the cumulative support function for an attentional

sequence O'. Suppose a new fixation is made and observation 0! is made. Based on the

evidence provided by this observation, instantaneous evidence 5/(A,) is generated for each
proposition A;. Bernoulli's rule of combination provides a reasonable way of combining s}
focused on Al with s'(A,) and s; focused on A; with s;(A). The cumulative support

£+1

51128 x Q' —[0,1] is defined recursively as the orthogonal sum ;™ =5, @ s;:

0 if C does not contain A,
si(C,0™ ) =31 (1-5(A,0™" ))(1-5(A,0")) if C contains A, 4.9)
1 ifC=L

Then the result of classification is given by,
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I* = arg max siA,0™) (4.10)

The combined total supports are checked at the end of each fixation to find a
proposition supported sufficiently higher than the others. The scene corresponding to this
proposition is selected as describing the current scene best. The calculation of temporal

support for a two hypotheses case is schematically shown in Figure 4.2.

Total terporal -~ Instantaneous
support for Al S{ suppont fo.r Al
at fixation (t-1) i from fixation (t)

Temporal support for Al at fixation (1)

st = 1- (- sD)(1-s1)

Ewidence 1

| Evidence 2

Figure 4.2 Calculation of temporal support for a two hypotheses case.

4.3 Learning Scene Models

In creating a model for each scene [ C L, which may correspond to an object image
or a complex scene, the robot starts observing the scene in an attentive manner. As it is
consecutively fixating and forming observations, the transition T,(0'™,0') between two

consecutive observations in this scanpath is recorded by incrementing the frequency of

that particular transition by 1. Hence, for any library model, the number of transitions
between any pair of feature vectors forms a ]Q{XIQ] matrix. In the Markov approach,
these matrices are converted into transition probabilities by normalizing them row by row

and adding a small offset value to cope with non-existing transitions. In evidential

reasoning, these matrices serve directly as weights of evidence. The modeling stage is
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critical to performance of the two approaches in recognition. To obtain a perfect model all
parts of a scene must be observed equally during learning fixations. Therefore, the learning
period as determined by the length of the attentional sequence must be long enough to
allow different scanpaths to be taken. A partial model that does not include all possible
scanpaths and thus all possible feature transitions will mean that the scene is incompletely

modeled.

4.4 Experiments

In order to study the efficacy of attentional sequence based recognition, APES has
taken part in more than 500 experiments. Our aims in these experiments are as follows: 1.)
Demonstrate the performance of Markov and evidential reasoning as sequence
classification methods using simple and complex scenes; 2.) Study how variations in the
learning period — the length of the attentional sequences used for learning affect the

performance; 3) Understand the effects of modelling on classification performance.

In these experiments APES used a 200x200 pixel visual field and a 40x40 pixel
fovea. The overlap between candidate foveas was 50% and a fixation memory depth D=10

is used to inhibit the last 10 fixated foveas. The pre-attentive attention criterion for each

candidate fovea I7 is ZIVI(p)I. Inhibition and memory mechanisms are employed to
pel;

form the attention function as explained in Section 2.2. In the attentive stage the feature

space consists of Q=Q, corresponding to § different orientations of a simple edge feature

computed by the operator f, = arg max S;d;) where S;(I) is the 3x3 operator for

detecting edges with an orientation of i degrees. In these experiments selection of simple
pre-attentive and attentive features is intended to remove ambiguity in feature extraction
stages and understand the exact capability of an attentional sequence as a tool for object
recognition and scene classification. All experiments are performed under normal lighting
conditions with both ceiling mounted fluorescents and daylight from windows. Typically,
two fixation sequences generated by our robot while looking at the same scene are never

identical even if there is no variation in the scene. This is caused by 1.) Slight variations in
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the first fixation point; 2.) Small positioning errors in the camera head assembly; 3.) Frame
grabber noise; 4.) Variations in lighting conditions. Even a one pixel wide difference in the
fixation point can lead to a new visual field image for the next fixation, which results in a

completely different attentional sequence as fixations proceed.

Figure 4.3 Simple scenes containing rectangle and polygon.

4.4.1 Simple Scenes

The first set of experiments was performed on simple 2D shapes hanging on a black
background as shown in Figure 4.3. The system is expected to decide which scene is being
viewed by analyzing the generated sequences using the Markov and evidential reasoning
methods developed above. The shapes are chosen such that scene 1 of a rectangle, contains
only horizontal and vertical edges, while scene 2 of polygon, contains only two vertical

edges and more diagonal edges.

Table 4.1 Table 4.2
Scene 1 - Learning using sequences of length 10. Scene 2 — Learning using sequences of length 10.
0[1/2:13]4{5]6|7 0[1({2|314]|5]|6]7
0{1{0[{0]1]0]0{0]|0 0/0[{0j0]0]0]0|0]0
11010(0]2]0{0}0]|0 1[0[1]0]{0{0{1[0]0
2:0(0{0({0{0]0]0]0 2{0{0]0]0]0]|0|0]|0
3/1[1(1[2]0{0{0]|0 310{0{0[110[0]0]|1
4(0]0[0[0]{0!0]|0]0 4/0[110]0;1]0{0]|0
5(010{0({0]0{0({010 510{010}1{0]0}0!0
6(0/0{0]0]0]0[0}0 6/0{010]010]|0]|0]0
710{0{0[0]0]0[0]0 71010{0|0{1]0]0]|1

In the first set of experiments scenes 1 and 2 are used. Learning is based on

attentional sequences of length 10. The observed feature transition frequencies are shown



55

in Table 4.1 and Table 4.2. Even with attentional sequences of length 10, these matrices
start to become differentiable. The matrix for scene 1 favors no transitions between
diagonal features 4, 5, 6, and 7, as compared to that of scene 2. For recognition

experiments, 20 experiments with attentional sequences of length 10 are conducted. Figure

4.4 and Figure 4.5 show the generated sequences 0" and recognition results for both
approaches. Probability values for the Markov approach are given on a log scale. Using as
low as 10 fixations during both learning and classification, different feature sequences can

be recognized as belonging to the correct shape with a fairly good rate.

No 0! ¢ log P(O"|A) nlog P(0"|A,)
1 30600333111

2 1220123000 1,00E+00

3 0333301111

4 1133000333 1,00E-02 -3

5 3101211230

6 0033311012 1,00E-04

7 1112300013

8 2300033313 1,00E-06

9 0000333311 Attentional Sequence No
10 1121130003

11 0021212323
12 0000313110 10 10 10 10
13 1211200003 ¢51(4,07) ms; (4,,07)
14 0103223011
15 2231200003
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Figure 4.4 Results after 10 fixations on Scene 1 with 10 fixation learning on Scene 1 and Scene 2.
Recognition rate is 65% with Markov models and 90% with evidential reasoning.
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Figure 4.5 Resulis after 10 fixations on Scene 2 with 10 fixation learning on Scene 1 and Scene 2.
Recognition rate is 100% with Markov models and 90% with evidential reasoning.

Note that the fixation camera is not following a pre-defined boundary or trajectory,
therefore the 20 sequences generated during these experiments are completely different.
Our classification methods are sensitive to favored transitions in the sequences based on
the apriori generated models. Sequences, which include these highly favored transitions,
are immediately recognized with a high margin. Others which do not include them are
either incorrectly classified or return only a slightly better result compared to the
competing model. Another reason for incorrect classification is the possibility of
generating very similar or even identical sequences on two different scenes. However,
correct classification rates indicate that this intersection region is small, and both methods

work.

In the next set of experiments, we increased the learning period to 30 fixations.
Differences between the two shapes are expected to become more announced. However, as
observed in feature frequency matrices in Table 4.3 and Table 4.4, this may not be the
case. The discriminating transitions 4, 5, 6, and 7 between Scene 1 and Scene 3 were better

modeled in the previous 10 fixation models. This result shows that increasing learning
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sequence size does not necessarily lead to better models and improved recognition

performance due to the above-mentioned variations in sequences.

Table 4.3
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Figure 4.6 Results after 10 fixations on Scene 1 with 30 fixation learning on Scene 1 and Scene 2.

Table 4.4
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Recognition rate is 85% with Markov models and 90% with evidential reasoning.

Results of recognition experiments using models learned from 30 fixations for

Scene 1 and Scene 2 are shown in Figure 4.6 and Figure 4.7. Although an improvement in

modeling and classification perfomance cannot be guaranteed by increasing the leamning

period, an improvement in consistency of results is observed in these results. For example
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in Figure 4.7 we had significantly bad results in experiments 11-14 with both methods.
Also in Figure 4.6, where recognition rate was good, both methods returned wrong results
in the same 2 experiments out of 20. The remaining 1 sequence, which could not be
classified correctly by Markov models, was classified correctly by support functions only

by a very small margin.

For the last set of experiments a learning sequence size of 50 is used. Table 4.5 and
Table 4.6 and Figure 4.8 list models generated by a 50 fixation learning run. Once again
the diagonal edges of Object 2 are poorly modeled. Recognition results are shown in
Figure 4.8 and Figure 4.9. Results for Object 1 are 100% correct as its model dominates
over Object 2 even more than in 30 fixation models. Sequences from Object 2 are poorly
recognized with the same rates as before. Consistency of results using the two approaches

are again very good and in general much better than experiments with 10 fixation learning.
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Figure 4.7 Results after 10 fixations on Scene 2 after 30 fixation learning on Scene 1 and Scene 2.
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Recognition rate is 50% with Markov models and 60% with evidential reasoning.

Object 1 - 50 fixation learning
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Figure 4.8 Results after 10 fixations on Scene 1 after 50 fixation learning on Scene 1 and Scene 2.
Recognition rate is 85% with Markov models and 95% with evidential reasoning.
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Figure 4.9 Results after 10 fixations on Scene 2 after 50 fixation learning on Scene 1 and Scene 2.
Recognition rate is 50% with Markov models and 60% with evidential reasoning.

4.4.2 Complex Scenes

In the next set of experiments, 3 complex scenes shown in Figure 4.10 from our
laboratory were used. Fixation points and foveas are at the center of each visual field
image. Figure 4.11 and Figure 4.12 show visual fields of APES for two sample fixation
sequences - looking at Scene 1. The complexity of our problem can be observed in these
sample sequences. For example in the fifth fovea, a boundary caused by a shadow is
fixated, and in some foveas like those numbéred 4,8,9, and 10 the image is distorted by
small camera or body motion, making edge based features quite hard to detect correctly.
Note that these are problems common to any practical implementation outside controlled
environments. Our methods are expected to cope with such distortions. Also note that in
the two sequences, although starting points are close and the first visual fields are almost

identical, the two sequences are quite different. However spatial and temporal relations of
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observed features remain the same. One of the main contributions of our work is to

develop methods for detecting these invariant relations.

Figure 4.10 (Left to right) Wide-angle images of Scene 1, Scene 2 and Scene 3. Squares represent the visual
field and fovea.

Figure 4.12 A sample sequence of visual field images Iv=(1v’,....1v10) on Scene 1.

We then compared responses using pairs of models - using these complex scenes.
Their models were learned using attentional sequences of length 30. Table 4.7, Table 4.8
and Table 4.9 give the feature transition frequencies for the three scenes. Simply looking at

the generated model matrices, it is observed that Scene 3 has unique features as compared
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to both Scene 1 and Scene 2. Therefore any sequence generated on Scene 3 is likely to be
identified correctly. On the other hand Scene 1 and Scene 2 models are very similar
making classification almost impossible. These results are justified in Figure 4.13 to Figure
4.18. Scene 3 is recognized with a rate of 100% in all cases as it has a dominating model.

In experiments on Scene 1 and Scene2, results of the two approaches are inconsistent.

Table 4.7 Table 4.8 Table 4.9
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Figure 4.13 Results after 30 fixations on Scene 1 with 30 fixation learning on Scene 1 and Scene 3.
Recognition rate is 100% with Markov models and 100% with evidential reasoning.
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Figure 4.14 Results after 30 fixations on Scene 3 with 30 fixation learning on Scene 1 and Scene 3.
Recognition rate is 80% with Markov models and 100% with evidential reasoning.
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Figure 4.15 Results after 30 fixations on Scene 1 with 30 fixation learning on Scene 1 and Scene 2.
Recognition rate is 100% with Markov models and 50% with evidential reasoning.
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Figure 4.16 Results after 30 fixations on Scene 2 with 30 fixation learning on Scene 1 and Scene 2.
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Recognition rate is 40% with Markov models and 100% with evidential reasoning.
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Figure 4.17 Results after 30 fixations on Scene 2 with 30 fixation learning on Scene 2 and Scene 3.
Recognition rate is 70% with Markov models and 70% with evidential reasoning.
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Figure 4.18 Results after 30 fixations on Scene 3 with 30 fixation learning on Scene 2 and Scene 3.
Recognition rate is 100% with Markov models and 100% with evidential reasoning.

4.4.3 Complex and Similar Scenes

The method of evidential reasoning was also tested using three similar scenes with
small variations and one unrelated scene. Changes in the scene are not very small at all,
such as missing chairs, but a human viewer tends to overlook these changes. APES is
expected to perform similarly and "understand" that the three scenes belong to the same
part of the world and the fourth scene to a different part. The four scenes are shown in

Figure 4.19.
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Figure 4.19 (Left- to right) Wide-angle images of Scene 1, Scene 2, Scene 3 and Scene 4.
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Figure 4.20 Results of 30 fixations on Scene 1 (top) and Scene 2 (bottom) after 30 fixation learning on Scene
1 and Scene 2. Recognition rates are 100% and 80% respectively.

In Figure 4.20 results of experiments on the original training scenes are shown.
Scene 1 can be recognized easily with a high margin, while Scene 2 is recognized in 80%
of the experiments with a very low margin. In Figure 4.21 results of experiments on the
two variants of Scene 1, Scene 3 and Scene 4 are shown. Both scenes can easily be

recognized as Scene 1 except in a few experiments.
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Figure 4.21 Results of 30 fixations on Scene 3 (top) and Scene 4 (bottom) after 30 fixation learning on Scene
1 and Scene 2. Recognition rates are 100% and 80% respectively.

Although these experiments show that scene recognition based on attentional
sequences can compensate for small changes in the environment, the low margins in
Scene 2 recognition results in Figure 4.20 is confusing. This result may suggest that the
model of Scene 1 may be dominating over Scene 2 and correct classification of Scene 3

and Scene 4 is a result of this dominance.

4.4.4 Results and Comparison

In summary, our experiments on simple and complex scenes revealed the following

important results about the use attentional sequences for scene classification:



72

1- Both Markov models and evidential reasoning are promising for classification of
attentional sequences.

2- Even by using very simple edge based features we can deduce invariant relations
from the seemingly varying fovea image sequences generated while looking at the same
scene.

3- Using as low as 10 fixations during learning and recognition, good classification
performance can be achieved using both methods.

4- Results on complex real world scenes, which are hard to classify using classical
methods, show that attentional sequence based classification is promising to solve such
problems.

5- Increasing the learning period does not necessarily improve performance. Good
performance with short learning period is possible depending on learning and recognition
fixations.

6- The two models performed similarly in simpler classification tasks, where
models were distinct. In harder tasks either both methods generated very small margins
between the two models and returned false results, or evidential reasoning performed
better. The differences between the two methods are caused by the fact that unlike Markov
methods contributions from competing models are taken into account by the combination
rules used in evidential reasoning.

7- In order to achieve good performance, models (feature transition frequency
matrices) need to represent unique features about the scene. How to generate fixation
models with such property and how to compute their representation capability are open

problems we are working on.

4.4.5 Discussion

The main objective of our work was to investigate whether the attentional sequence
can be used for scene classification by applying the above methods. Therefore, in order to
reduce the effects of attention mechanism, simple attentive features are used in our
experiments. However, the behavior of the system can be controlled effectively by using
different attentional schemes including top down approaches, although how this should be

done is an open question. In general the performance of sequence classification will be
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unaffected as long as the same deterministic attention scheme is used during both modeling
and recognition. However, stochastic components in the attentional scheme may change
the performance as the classification algorithms rely on the observation of learned

sequences or short segments of learned sequences.

The use of only 8 simple edge features in our experiments is also restrictive. As
seen in the experiments different scenes may lead to similar models, which do not have any
discriminating ability. Instead, using many complex features in the attentional sequence
and the spatial locations of features can improve performance. Especially in complex scene
experiments a better model of the environment can be obtained. However the detailed
scene models generated in this way may also be restrictive and the generalization behavior

demonstrated in the experiments of section 4.4.3 may not be achieved.

As mentioned above, one of the main strengths of our approach is the ability to
change pre-attentive and attentive features as well as the attention scheme without
changing the sequence modeling and classification methods. Therefore an adaptive system
can modify these sub-systems based on the current task specification while keeping the

same decision system.
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5. BUBBLE MODEL

According to the widely accepted integrative visual buffer theory of Breitmeyer,
visual memory is a buffer which is capable of integrating visual information obtained from
different spatial locations at different times by attentive processing [80,81,82]. Also the
fact that we can easily recall what we have seen, where and when, proves that a spatial
memory mechanism is very much involved in vision. Furthermore, in spite of continuous
eye, head and body motions, humans can perceive a stable image of their environment. The
mechanisms of visual integration, which are thought to be responsible from this illusion,

are one of the most challenging problems in cognitive psychology [4,34,80,81,82].

5.1 Requirements for Visual Memory

Consider an attentive vision system which is free to move in 3D space. Its
perceptual mechanism should integrate information in the course of active vision behavior.
Suppose that the camera is fixating a location A and something in location B attracts its
attention. Then, a saccade to bring the fovea on B and leaves A in the left peripheral field.
If a stable, orbital centered system of reference is available, then the robot should know
that what is now in sharp focus on the fovea is in the same spatial location occupied by the
stimulus that has occasioned the saccade. Conversely, what was imaged on the fovea in A
has now become a somewhat blurred image in the left field, but has not changed its spatial

position. These relations hold only for that particular viewpoint occupied by the system.

The visual memory model should allow effective representation and use of these
and similar kinds of information required by an attentive system to build a functional
environment map. The information represented by this model should not be the 2D retinal
image, but rather it should contain foveal processing results. Finally, depending on the

visual task, the model should be able to recall different properties of the scene.
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5.2 Bubble Model of Integrative Visual Buffer

Based on the integrative visual buffer theory and supporting biological evidence, we
introduce the bubble model as a new way of representing, storing and using information
collected during selective perception process. The bubble model enables the construction
of a functional map represented in a spherical coordinate system attached to the viewpoint.
Mathematically the bubble is a deformable 3D surface, which is controlled by a number of
points that are coincident with the potential fixation points of the visual system. The
information represented by the bubble is not the 2D retinal image but rather it comes from
computations on a neighborhood of fixation points. During visual exploration the bubble
is inflated via its control points depending on the information visually obtained from the
, corresponding fixation area. In general a set of bubbles can be used to store different types
of information that can be extracted by the vision system. Bubbles are attached to the
viewpoint and a new set of bubbles is used for different viewpoints. When the system visits
a previously visited viewpoint the corresponding bubble set can be recalled. Although all
previous visual experience is stored in a long-term memory, only functional information

for the current viewpoint is recalled as required by the current task.

5.3 Potential Fixation Points and Bubble Points

Consider a camera positioned on a two degree of freedom pan-tilt base. Assuming
no practical restrictions, the optical axis of the camera can be theoretically directed in any
direction (8, @) where 8, ¢ are pan and tilt angles respectively. If we assign a quantitative
measure peR to each fixation direction, a surface is defined implicitly by the set of
(p, 6, @) . For a constant p, this surface is spherical in nature. We refer to this spherical
surface - hypothetically placed around the robot - as the bubble. Motivated by the fact that
in human beings, two fixations are almost never adjacent due to the high foveal acuity, the
bubble need not to be a continuous surface. Rather it can be discreet and we can use a
limited number of equally spaced points on the sphere which we call bubble points. By
directing its camera to these points the system can fixate on the corresponding points in 3D

space, which we call potential fixation points. While the term bubble point represents an
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element of our abstract representation, a potential fixation point is a real point in 3D space.

In Figure 5.1, two bubble points and the corresponding potential fixation points are shown.

5.4 The Bubble

The bubble points are determined by the saccade precision in pan and tilt directions.

All bubble points (0,¢) can be defined in spherical coordinates by,

0=0,A0,2-A0,3-A0,...,(n-1)- A0

5.1
0 =0,A0,2-A0,3-A@,....(m—1)-A@ 1)

where AB, A are the fixation resolutions and n, m are the number of bubble points in pan
and tilt directions. Therefore the set of points that form the bubble can be defined as

follows,

B={p.0.0)eR*|0=i-00,p=j Ap}

5.2
where i< [0,n), je [0,m) o

Note that we can store each bubble in a 2D array where each element corresponds

to a bubble point. Then we have a bubble matrix

B, B, . . B,
B, B, . .

B=| . . . . . (5.3)
B, B, . . B,|

such that,

V((p,0,p)€ B) = I(B,€B|O=i-A0,p=j-Ap) (5.4)
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We will explain the elements of the bubble matrix in the next section in greater
detail, but at this stage all we need to know is that there is a one to one correspondence

between potential fixation points, bubble points and the elements of the bubble matrix.

Figure 5.1 Bubble points and potential fixation points.

5.5 Bubble Functions

Suppose now that we deform the bubble at bubble points — where the amount of
deformation is determined by the quantitative measure obtained from the high resolution
processing made on the fovea. This area is defined in 2D image coordinates as an FxF
pixel region at the centre of the acquired image. Since each fixation point is associated
with a unique fovea, we can think of visual information as being concentrated at the
potential fixation points. For the moment this enables us to forget about the 2D image and
think that each time a fixation is made visual information representing the corresponding
area i1s somehow extracted and assigned to the fixation point. The result is an implicit 2D
surface deformed to represent information obtained from the current viewpoint. We say
that *“visual information inflates the bubble” and the resulting surface can be represented

as!:

B={00.0)6,0)eR*|0=i-00,0=j-Ap }

where i€ [O,n)je [O,m) (5.5
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The function p: (0,¢)— R is referred to as the bubble function. The deformation

concept is illustrated in Figure 5.2 on a circle.

For example, for a simple linear measure at each fixation point (6,¢), p(@,q)) can

be computed from the image by running an operator over the fixation fovea as follows,

+F/12 +F/2 +N/2 +M/[2

p@.0)= Y Y > YIx-ky-1)-Tkl) (5.6)

x==F [2y=—F[2k=~N/2l=-M /2
where T is an NxM feature template, F is the fovea size and I(x,y) is the image obtained
when the camera is fixated on the potential fixation point [6 (D]T. Note that in the above

equation we are mapping the visual information contained in a fovea sized FxF region of

the image to a single bubble point.

Figure 5.2 Deformed bubble representing the bubble function p for a single visual feature.

Note that this contraction mechanism is a property of both robotic and biological
active vision systems. The bubble function p(@,(o) can be used to represent any visual
feature or a combination of visual features. Furthermore, multiple bubbles can be formed -
each corresponding to one distinct combination of features. Then the set of all bubbles
which can be computed using available resources provide a compact representation of all
the information that the system can visually extract from its environment while standing at

a specified viewpoint.
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Mapping visual information from image to bubble is an interesting problem, which
deserves some more attention. In our approach the radii of bubble control points represent
visual information and exactly one p value corresponds to each fixation point. These
values can be organized in the form of a 2D array, which is the bubble matrix we defined

above. The elements of the B matrix can simply be computed by,

B,=k-p(i-A,j-Ap) (5.7)

where k is a scaling constant used to scale the visual feature represented by the bubble
function. Since there may be many bubbles for one visual space each representing a
different type of information or modality the constant k can be used to normalize bubble
functions. More complex strategies using features at different resolutions and abstraction
levels can also be applied to map visual information from the image to the bubble

depending on what needs to be stored.

5.6 Contributions of the Model

The bubble model is proposed as a convenient way of storing and using information
collected by active vision systems. The benefits of using this representation are listed

below:

e Human vision is based on selective attention, which requires integration of spatially
distinct features in time to obtain a model of the environment. The bubble approach
can be an acceptable model for this integration behaviour.

e Visual information is originally obtained in 2D cartesian coordinates which is not
the natural coordinate system of an active vision system. The bubble representation
enables us to manipulate visual information in spherical camera coordinates

e In a moving vision system visual information is heavily dependent on the
viewpoint. Bubble centered coordinates enable us to distinguish and store
information obtained from different viewpoints. This can also be used to extract

depth with a single sensor.
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e Different visual features can be stored in separate bubbles. If this information can
be managed intelligently, conflicts during high level tasks can be solved.

e During selective attention using bubbles to store saliencies of candidate foveas in
the periphery can reduce peripheral computations up to 50% if the same area falls
into the periphery at a later fixation.

e Bubbles can have a time stamp which enables comparison or updating based on
viewing times. This makes the representation suitable for dynamic visual

environments.

5.7 Implementation

The bubble model is implemented on APES. A number of experiments to test the
bubble formation in different situations are made. In this case the task, borrowed from
cognitive psychology literature, is defined as visual feature integration over saccades,
where the ability to integrate features obtained from different spatial locations at different
times is tested. By definition, this task is easily accomplished using a bubble memory. For
the scene shown in Figure 5.3, the deformed bubble is shown in Figure 5.4. In this
experiment the part of the scene containing the bars is an interesting area for our system
which uses an edge based attentive criteria. Saccades are vertical in nature and multiple
fixations are made on this part of the scene. We also observed significant changes in the
strength of features computed from the same point in this scene, which was due to the

changing lighting conditions outside the window.
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Figure 5.3 Experiment 1- Window-with-bars scene.

2 05

Figure 5.4 Bubble trace for fixations on Window-with-bars scene.

In the next experiment a crowded scene from our laboratory is used as shown in
Figure 5.5. In this case, there is a greater number of points worth attending to. In the two
bubble traces shown in Figure 5.6, fixations are concentrated on the robot in the with some
fixations also to the left and right. As the exploration continues and all possible fixation
points are visited, the bubbles are expected to converge to a single representation of the
environment from this viewpoint regardless of the starting point and sequence of fixations

being made.



82

2 05

Figure 5.6 Bubble trace for fixations on Laboratory scene.

5.8 Scene Recognition with Bubbles

Next we investigate the possibility of using bubbles for vision based modeling and
recognition of 3D environments. The integration property of bubbles enable them to store
foveal features observed from a single point in space. This representation can be used to
model and recognize 3D environments in a short time if the bubble forming sequence of

fixations are similar.
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In the next set of experiments we use the library scene from our laboratory shown in
Figure 5.7. In Figure 5.8 the gradient of library scene which gives an idea about edge based
saliency computations is shown. Throughout these experiments the first fixation frame
shown in Figure 5.9 is the same, enabling us to observe the differences in attentional

sequences and their effects on bubble shapes.

Figure 5.7 Library scene from our laboratory. Figure 5.8 Gradient of library image.

Figure 5.9 First fixation frame used in library scene experiments.

Using saliency computations in the fovea, bubbles from 50 fixations on the library
scene are formed in 6 different runs. The resulting bubbles are shown in Figure 5.10. The
variations in attentional sequences are seen on bubbles, but these variations have little
effect on the general bubble shape. However bubbles shown in Figure 5.12 formed while
looking at a different scene in Figure 5.11 have a completely different shape. Therefore we

conclude that a bubble modeling algorithm preserving this general bubble shape can be
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used for environment recognition based on this visual representation. We look at this

problem in section 5.9 where we use Fourier methods for storing bubble data in a compact

mathematical form and at different levels of detail.
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Figure 5.10 Bubbles formed in 6 different experiments on library scene.
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Figure 5.12 Bubbles generated in experiments on hub-switchboard scene.

In order to understand the discrimination capability of bubbles in a scene
recognition task, we also design an experiment where both saliency values and evidence
based supports for two different models are used to form bubble surfaces. Experiments are
performed on the scene shown in Figure 5.11 containing hub and network cables, and the
old switchboard mounted on the wall. A series of fixations and the corresponding bubble
inflated by saliency values are shown in Figure 5.13. In this figure the horizontal and
vertical fixations in the lower part are on the hub and its extending network cables, and the

upper isolated group of fixations is on the old switchboard.
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Figure 5.13 Saliency bubble.

Then, using fixations on the hub and switchboard we generate two library models,
model 1 and model 2 respectively. These models and the original set of fixations are used
in a recognition experiment to generate support values for the two models. Figure 5.14 and
Figure 5.15 show the bubbles inflated using these support values for the two models. Using
this representation we can exactly observe the amount of support provided at each stage for
each model. As seen in these figures the bubble for model 1 supports has no activity
around the old switchboard, and the model 2 bubble has little activity around the hub
region. Looking at the two bubbles it is also seen that their shapes roughly add up to give

the saliency bubble.
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Figure 5.14 Bubble formed using supports for model 1 (hub) at each fixation.
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Figure 5.15 Bubble formed using supports for model 2 (old switchboard) at each fixation.

In order to confirm the validity of support bubbles we also plotted support values

are considered so that enough

for the two models. In Figure 5.16 only fixations after 10*

th

information will be accumulated before starting recognition decisions. Initially after 10
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fixation (shown as 1 in the figure) model 1 is dominating. Starting with 20™ fixation the
robot starts looking at model 2 and after a transition period, where no decision is possible,
model 2 is activated and model 1 goes down starting with 35® fixation. As the robot

attends the two areas of the scene, the values change to support corresponding models.
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Figure 5.16 Supports for model 1 and model 2 vs. fixation number (starting from 10™)

5.9 Bubble Modeling and Reconstruction

Although using bubbles for visual environment representation is much more
effective compared to working with images, still the representation may take up a lot of
memory especially when a number of different bubbles are used to store different features
for a given task. However, being well defined 3D closed curves bubbles can be
parametrically modeled in order to simplify storage and control. This promises rapid
comparison of bubbles of two nearby viewpoints or of two different scenes. Bubble models
can potentially lead to an optimal and dynamic representation of the 3D visual

environment.

The method we applied for bubble modeling and reconstruction is based on 3D
Fourier surfaces. Fourier representations express functions in terms of an orthonormal
basis. In general if ¢y(t) is such a basis then the function f(t) can be represented on the

interval (a,b) by
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" b
f(t):zpk¢k(t) s P =ff(t)¢(k)dt (5.8)
k=1 a
and the parameters py are the parameters of the representation.

In the case of a single variable periodic function, sine and cosine functions form a
suitable orthonormal basis. However a 3D surface is explicitly described by three

coordinate functions of two surface parameters,

vy = (x(u,v), y(u,v), 2(u,v)) (5.9)

In order to represent these two variable coordinate functions we need to use a
different basis. The following basis is successfully used in the literature:

1,cos mu, sin mu, cos lv, sin lv,cos mu - cos lv,sin mu - cos [v,
cosmu -sinlv,sinmu -sinly, ... (ml =12,...)

} (5.10)

Then a function of two variables f{u,v) can be represented by

fluv)= 2 Ellm‘l

Mt la,, -cosmu-coslv+b,, -sinmu-coslv+
m=0 {=0

} (5.11)

C,, "Cosmu-sinlv+d,  -sinmu-sinly

where

1 for m=0,1=0
Awi =32 for m>0,l=00rm=0,1>0
4 for m>0,01>0

and the series is truncated after K, -1 and K, -1 terms. In this representation three sets of

parameters corresponding to x(u,v), y(u,v), z(u,v) are,

px= {ax’bx’cx’dx}
p,{a,b,c,d,} (5.12)

pz={az’bz’cz’dz }
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These are collectively referred to as the parameter vectors
p=1p.p,p,} (5.13)

The bubble can be parametrically represented by using the bubble function p(@, (o), where

the two surface parameters 0, are the pan and tilt angles.
When the whole basis shown above is used for surface representation a torus can be

formed. To represent other surfaces a subset of the basis should be used. In the case of a

closed surface the basis functions are,
Ouosa = 11,501@,...,cos m@ - sinlg,sinmé - sinl@,.....(m1=12,...) }  (5.14)

Using this basis a tube whose ends close up to a point is formed. However the ends are also

forced together, therefore a weighted term of the form

sin((a ——%)

should be added to each coordinate.

In order to test this approach modeling and reconstruction experiments are

performed on a randomly inflated bubble shown in Figure 5.17.
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Figure 5.17 Original inflated bubble

Then reconstruction experiments are made using the above model and different
number of terms or coefficients. Results of reconstruction are shown in Figure 5.18

through Figure 5.21

20 20

Figure 5.18 Reconstruction with 5 coefficients
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50 50

Figure 5.19 Reconstruction with 10 coefficients

100

~100

Figure 5.20 Reconstruction with 15 coefficients
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Figure 5.21 Reconstruction with 25 coefficients
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6. AN INTEGRATED MODEL OF ATTENTIVE VISION

The attention model, sequence processing methods, and memory mechanisms
developed above can be combined into an integrated model of active and attentive vision.
This model simulates some important properties of human vision, like fovea-periphery
distinction, selective attention, and serial processing. It also proposes models for other
poorly understood mechanisms, like temporal recognition, visual integration, and

environment modeling.
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Figure 6.1 An integrated model of attentive vision.
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In Figure 6.1 the periphery and fovea images are obtained by the two-camera sensor
system simulating the human retina. Then the periphery image is fed into the pre-attention
system, which also receives pre-attentive interest criteria, inhibition settings, fixation
memory contents and any other higher level cognitive effects like directional selectivity.
Results of pre-attentive processing are saved in a bubble memory, so that they can be
recalled when part of the same peripheral field needs to be processed at a later time, or
when visual information is not available. The new fixation point is selected and sent to the
saccade controller which generates the saccade vector and commands motor units. In
humans saccades are also known to be controlled in a predictive manner, based on
expectations about a scene. This top-down saccade control mechanism, which is not tested
on APES, has inputs from sequence processing and bubble memory units as shown by

dashed lines.

At each fixation the fixation fovea is processed to extract attentive features. Similar
to pre-attentive interest criteria, the system also enables any feature that can be computed
on the fovea image to be used as an attentive feature. These features are sequentially
processed by attentional sequence modeling and recognition algorithms, which enable
temporal recognition. Attentive features are also stored in a bubble memory to form an

higher-level, viewpoint dependent, visual model of the environment.
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7. CONCLUSION

This thesis presents a model of attentive vision which is then implemented on a
mobile robot — APES: The model is based on the key properties of biological vision -
which has been suggested by neurophysiological and psychological studies on biological
systems. In particular, the following integral characteristics are taken into consideration:
Fovea - periphery distinction in the retina, selective attention, inhibition of return and dead

zone during attention, temporal recognition, and visual integration over saccades.

The two-camera sensor configuration provides a realistic retina model by changing
photoreceptor densities in foveal and peripheral regions. Similarly the fixation memory and
inhibition features embedded in the attention system simulate the inhibition of return and
dead zone mechanisms respectively, resulting in an intelligent looking behavior. The
behavior of the attention system can also be controlled by changing its attention criteria
based on the given task. Such behavior is also clearly demonstrated by humans, although
the underlying mechanisms are unknown. Temporal recognition is achieved by
probabilistic and evidence based algorithms, and the bubble memory is a model for visual

integration.

This integrated model of active and attentive vision has enabled the following

contributions:

1- The use of attentional sequences in scene modelling and recognition: The attentional
sequence is the essential output of any attentive vision system, regardless of its attention
mechanism or other internal properties. Our methods based on Markov models and
Dempster-Shafer theory of evidence provide two such basic tools for modeling and
classification of spatio-temporal attentional sequences. Our experiments show that both
sequence classification methods work well, with evidential reasoning having practical
advantages over Markov models. The theory of evidence is also more compatible with the
general idea of collecting information in time to reach a decision, which is the basic

assumption of temporal vision. We have also shown that scene recognition using
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attentional sequences is a different problem. The ability to model and recognize attentional
sequences successfully does not necessarily guarantee good scene or object classification
performance. Besides sequence recognition, scene classification performance is largely
dependent on the feature space and the quality of learning sessions. However, we have
shown that even with a simple edge based feature space, simple shapes were correctly
classified and satisfactory results were obtained on complex real world scenes depending

on learning performance.

2. A model for visual integration over saccades: As a model for vision based environment
representation we propose the bubble memory, inspired by the theory of visual integrative
buffer in cognitive psychology. The basic assumption of the bubble approach is the use of
visual information only, to create a practically useful environment model. The results of
visual computations are mapped on to a spherical surface in a subject centered, viewpoint
dependent spherical coordinate system. This is thought to be the most natural
representation of visual information collected by a moving active and attentive vision
system. In our experiments we demonstrated that the bubble representation is useful for

both environment modeling and scene recognition.

3. An integrated model of visual attention: Our attention model simulates some of the key

properties of biological vision described above and enables an intelligent looking behavior

4. Implementation by a robotic system: Our mobile robot APES, which was originally
developed for active vision research, has gone through considerable modifications in order
to be able to embed the proposed model as the basis of its visual system. Its sensor system
has been extended to a two-camera configuration, its motion control hardware and stability
is improved to achieve faster and more accurate saccades, and finally its software is

completely changed to irhplement the developed algorithms.

Our work on attentional sequences and the bubble model has also raised some
interesting questions about scene perception, which require further investigation. For
example, metrics for defining actual partitions in the sequence space or the representation
capability of a given sequence for a given scene are two interesting topics, shortly

mentioned in this thesis. The use of bubbles as a scene recognition tool is already
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demonstrated. However the viewpoint dependent integrative nature of bubbles also make
them an interesting long term memory mechanism, especially for moving vision systems.
Humans’ ability to perform tasks based on previously obtained visual information, like
moving in a well known dark room, can be demonstrated by such memories. Also, the
computation of a true 3D environment model using bubbles generated at different
viewpoints may be possible. The performance of these algorithms on robotic systems can
be compared to actual human performance. We believe that joint modeling and
implementation efforts by biological and computational vision communities can potentially
generate new questions and answers in vision, and lead to success in both directions. We

consider our current effort as a contribution in this respect.
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