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Abstract— Our paper presents a fully automated computational
mechanism for targeting a space-variant retina based on the high-
level visual content of a scene. OQur retina’s receptive fields are
organised at a high density in the central foveal region of the
retina and at a sparse resolution in the surrounding periphery in a
non-uniform, locally pseudo-random tessellation similar to that
found in biological vision. Multi-resolution, space-variant visual
information is extracted on a scale-space continuum and interest
point descriptors are extracted that represent the visual
appearance of local regions. We demonstrate the vision system
performing simple visual reasoning tasks with the extracted visual
descriptors by combining the sparse information from its
periphery (which gives it a wide field of view) and the high
resolution information from the fovea (useful for accurate
reasoning). High-level semantic concepts about content in the
scene such as object appearances are formed using the extracted
visual evidence, and the system performs saccadic explorations by
serially targeting ‘interesting’ regions in the scene based on the
location of high-level visual content and the current task it is
trying to achieve.

I. INTRODUCTION

The main novel contributions of this paper are (1)
computational machinery to extract scale and orientation
invariant interest point descriptors from a vision system that
uses any arbitrary non-uniform sampling pattern, (2) top-down
high level object hypothesis based saccadic behaviour in a
space-variant vision system that uses a biologically inspired
retina with a non-uniform self-organised retina tessellation.

The vision of all higher order animals is space-variant.
Unlike most conventional computer vision systems, in these
animals, sampling and processing machinery are not uniformly
distributed across the animal’s angular field-of-view. The term
space-variant was coined to refer to (visual) sensor arrays
which have a smooth variation of sampling resolution across
their workspace similar to that of the human visual system. In
the human retina and visual pathway, visual processing
resources are dedicated at a much higher density to the central
region on the retina called the fovea. The retina regions
surrounding the fovea (which will be referred to as the
periphery) are dedicated increasing less processing resources,
with resources reducing with distance from the fovea. There is a
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smooth, seamless transition in the density of the processing
machinery between the central dense foveal region and the
increasingly sparse periphery.

Space-variant visual processing is incomplete without an
effective, automated means of targeting or fixating the high
resolution foveal region of the retina on ‘interesting’ regions in
the visual scene. While information from the high acuity,
narrow angle foveal region of the retina is useful for making
task-based reasoning judgments, it is mainly the low resolution
information from the large, wide angle, peripheral areas of the
retina that is useful to decide upon potential locations for
future retinal fixations.

Interesting regions (salient) locations are determined using
bottom-up information to help restrict attention of the system
to areas in the image where there is activity or entropy among
low-level visual features and fop-down information which
enables the saccadic fixations of our system to be influenced
by the particular task that the system is attempting to perform.

Space-variant

Interest point

visual >
Retinal information Feature descriptors
Sampling Extraction —2 | Reasoning
Interest point
descriptors
Next fixation T%P-dlown
iasing
Saccadic
Targetting
Fig. 1. Feed-forward space-variant architecture for object based

saccade generation

II. RELATED WORK

The topological mapping of biological retina afferents to the
cortical visual areas has inspired researchers to compute the
mathematical projection of visual stimuli at coordinates in the
input image to those in an image structure often referred to as
the cortical image. These analytic projections are often called
retino-cortical transforms, and the most widely used is the
log(z), complex-log or log-polar transform [1]. Other retino-
cortical transforms such as the log(z+a) model [2] which splits



the cortical image along the vertical meridian into two visual
hemispheres similar to that in biology and mapping [3] which
attempt to closely approximate the magnification transfer functions
in primates have been proposed.

The construction of computer vision systems that sample
images with retinae based on retino-cortical transforms have
resulted in singularities or distortions in the sampling of the visual
scene. The widely used log(z) transform samples images at a
super-Nyquist rate at the fovea region resulting in a cortical image
with redundant correlated visual information. As the cortical
image, which is the internal representation for visual information
processed by higher level reasoning machinery, contains highly
correlated visual information, this results in a large waste of
system resources negating the efficacy of space-variant vision.

Approaches have been proposed that attempt to address the
mentioned problems within the retina’s central foveal region by
having a separately defined uniform fovea [4] or a
discontinuous cortical image [5]. However these -create
discontinuities in the internal representation, difficulties in
reasoning with features that cross the foveal and peripheral
representations or result in a sudden change in the topological
structure of the retina tessellation between the fovea and
periphery not maintaining a seamless merging of the uniform
foveal topology to the space-variant peripherally as found in
nature.

Biological retinae appear to exhibit an locally, almost
uniform hexagonal receptor packing structure in the fovea that
transforms seamlessly into an exponential sampling structure
(resembling log-polar) towards the peripheral field. The authors
have not found any analytic or geometric mapping reported in
the literature with a closed form solution that can describe this
change in topography of the receptive field centres between the
fovea and periphery of a retina tessellation. These reported
retino-cortical transform approaches do not address the question
of the actual R’ locations (retina tessellation coordinates) where
the computer vision system should extract visual information from
an image or video. The work in the literature is based on the
projection of the radial component of retinal coordinates to a
cortical space and does not deal effectively with the angular
relationships between the coordinates in the input retinal plane
when performing the projection. This failing results in images
being over-sampled in the foveal region during the construction of
plausible retinae that sample pre-digitised media.

Recently, researchers have constructed plausible non-uniform
artificial retinae [6] based on a form of self-organisation [7] which
can extract space-variant visual information from images. They
demonstrated the detection of stable Laplacian of Gaussian scale-
space extrema in the space-variant visual information. Stable, local
regions in the visual scene have proved to be very useful in
computer vision. These locations referred to as interest points have
been effectively used to represent visual content in rectilinear
images or video based on the (two-dimensional) local appearance
of the support around a detection interest point [8, 9, 10] and an
approach similar to Lowe[ 10] but implemented in scale-space over
a space-variant non-uniform tessellation will be used in this paper.

The unification of different visual feature modalities into a
single structure representing importance or saliency was
addressed in Feature Integration Theory [11]. Quoting from the
paper [11], “focal attention provides the glue which integrates
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the initially separable features into unitary objects.” Bottom-up
computational models based on this approach [12] combined
different visual features into a single saliency map which was
used to determine the next location for fixation in a winner-
take-all manner with inhibition-of-return preventing the system
revisiting previously explored visual regions. While this model
[12] is currently widely used in computer vision it may be
considered lacking as a model for space-variant attention as a
space-variant sampling or sensor was not used to extract visual
formation for saliency calculation. Therefore their attention
mechanism would previously know the visual contents of an
unattended region in the scene before fixating upon it with a
focus of attention spotlight.

The top-down priming of features for object search is
reported in the literature using simple low resolution colour
histogram cues to drive the saccades of their system in an
object search task [13]. This was an early implementation of
top-down biasing of a multi-resolution search which did not
use a space-variant sensor with sampling density continuity
between foveal and peripheral regions and the primitive colour
cues used in that study are neither robust nor descriptive. Rao
[14] presented work on top-down gaze targeting based on a
cortical image generated by the space-variant log-polar
transform [1]. Visual content was represented by the responses
of regions in the cortical image to Gaussian derivatives and a
goal or target image was used to create a saliency map in an
object search task. However, the system needed to be manually
provided with a ‘scaling correction’ to reason between visual
information extracted in its fovea and its periphery. The top-
down search algorithm was not effective without this external
scaling correction input. This work also did not use a local,
interest point based visual representation which would increase
robustness and efficiency, but instead the system processed the
whole cortical image for saliency.

Models of visual object and hierarchical grouping based
approaches for saliency and attention have been proposed for
targeting a space-variant sensor[15]. These were dependant
upon the manual generation of top-down visual content such as
objects. In this paper the authors will demonstrate a space-
variant system centred around a self-organised retina
performing fully automated saccade generation based on high-
level understanding of the presence of visual objects in the
scene.

III. SELF-ORGANISED ARTIFICIAL RETINA

A self-organisation methodology [7] was used to determine
the retina tessellation, i.e. the locations of the centre of
receptive field on the retina. In this approach the stimulatory
input for self-organising the retina tessellation is derived by
applying a composite transformation to the current tessellation
itself. For a retina with N receptive fields, each characterised
by a two dimensional vector r(»), the input stimulus s(n) at
iteration n is calculated by the following,
s(my=Tm)yrn-. ()

where r; (n - 1) is the i th receptive field centre at iteration n - 1
and 1 < i < N. To generate a space-variant retina with a
uniform fovea the following (ordered) composite transform 7T
is used



1. A random rotation about the centre of the coordinate
space between 0 and 21

2. A dilation (increase in eccentricity from the centre of the
coordinate space) of the exponent of a dilation factor
which is random between 0 and log(8).

3. A random translation between 0 and f, in a random
direction between 0 and 2x, where f is associated with the
required foveal percentage of the resultant retina.

The self-organisation is initialised with a random retina
tessellation configuration and recursively iterated with the
described composite transformation 7 and the following
learning rule to find the updated receptive field location vector

ri(n)

rm=ra-n+am Y, (sm=-rm-1). 2
ieAj(n)
Aj(n)z{iZ"S[(n)—rj(n—l)"<||S[(n)—rk(n—1)",k¢j} ) 3)

Aj(n) contains the indices to the input stimuli y(») to which x;
(n - 1) is the closest network vector. a(n) is a learning parameter
which controls the stimulation of the network weights. The
learning parameter o is linearly reduced (annealed) throughout
the self-organisation to increase the speed of convergence of the
network weights to a stable configuration. Intuitively, one can
visualise the effect of the learning rule as each network weight
x; (n - 1) being updated individually by the input stimuli y{(#n)
that are closer to that weight than any other in the network.

A retinal tessellation is not yet a retina. To prevent aliasing,

visual information must be gathered over a large support
region around each retina tessellation coordinate using a
receptive field. The standard deviation (and in turn size) of the
receptive field was related to the local spatial sampling rate of
the retinal receptive fields. Basing a retinal receptive field’s
size on local node density also results in space-variant retinal
receptive fields. As illustrated in Fig. 2, at the foveal region,
where visual information is densely sampled, receptive fields
will have a narrow spatial support, while large receptive fields
will be placed at the periphery with its widely spaced sampling
points. All processing machinery in this paper will operate
upon the non-uniform space-variant visual information
extracted by the self-organised retina.

IV. PROCESSING NON-UNIFORMLY SAMPLED VISUAL
INFORMATION

The retinal receptive field responses extracted by the self-
organised retina do not have an associated cortical image data
structure [1] for storage for higher level reasoning. The authors
stored these responses as a one dimensional vector which will
be referred to as an imagevector. Allocation into the
imagevector was based on a look up table; therefore each
location on the imagevector has a consistent spatial

relationship with a receptive field on the retina tessellation.
These are able to extract higher level visual features such as
blurring or contrast information from the
representation.

imagevector

Fig. 2. (Left) Self-organised retina tessellation of a retina with 4096 receptive fields. (Right) Responses of a retina with 8192 Gaussian receptive
fields fixated upon the centre of the standard greyscale Lena image. The receptive field responses were visualized in their respective Voronoi

regions on the non-uniform tessellation.
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The responses from the retina receptive fields were
processed by machinery which shall be referred to as cortical
filters. Nodes in the non-uniform retina tessellation (or any
arbitrary sampling grid) v; are within the support region Q(v,)
of the cortical filter centred on v, (the same or another non-
uniform sampling grid) if the following is satisfied

Vi€ Q (Vc)a (vi,x “Vex )2 + (Vi,y 'Vc,y)2 < rcz . (4)

where 1, is the radius of the cortical filter support and x and y
are the coordinate of the respective cortical filters. As before,
with retina receptive fields, the cortical filter support region
was made space-variant by making the size of the support
related to the local node density around the cortical filter (v.).
The response of the cortical filter centred on v. was computed
based on the responses of nodes in the imagevector within the
cortical filters neighbourhood Q(v.). The response of the
cortical filter O(c) centred on v. is in the form of an
imagevector. The number of elements in the output
imagevector O could be different to that in the input
imagevector R.

0(c)=fR(pc(m))xa(m),c=1..N. (5)

F. are the 1xM filter kernel coefficients over the
neighbourhood Q(v.) for the cortical filter kernel on wv..
Whereas p. is the 1xM of indices of elements in the
imagevector R with which F.’s are multiplied in the local
convolution operation. The filter coefficients F, are calculated
based on a particular filter support profile based on the spatial
positions on the field-of-view of the elements p. in the input
imagevector. As the visual information in the input
imagevector R may have previously been processed, the kernels
coefficients F. for a particular cortical filter (for example
performing low pass filtering) have to reflect the prior
processing in this hierarchical feature extraction process.

The ability to operate on visual information stored as
imagevectors enables the cortical filter layers to perform image
processing operations on the responses extracted by the self-
organised retina receptive fields. It is no longer necessary to
represent and deal with data as rectilinear frame arrays to

perform image processing in a feature extraction vision
hierarchy. The authors extracted multi-resolution low pass
space-variant information using cortical filter layers with
Gaussian support regions on non-uniform self-organised
retinae with 4096, 1024 and 256 nodes creating an octave-
separated space-variant multi-resolution Gaussian retina
pyramid. Each layer processed the output of the immediately
higher resolution layer and only the 8192 receptive field retina
sampled the input image. A Laplacian of Gaussian retina
pyramid layer that sampled immediately higher resolution
Gaussian retina layers was also constructed to extract space-
variant contrast information from the visual scene.

V. INTEREST POINT DESCRIPTOR

An interest point descriptor was formed based on the local
gradients around stable scale-space extrema. The granularity of
the sampling of scale by the Laplacian of Gaussian retina
pyramid was made finer [10] by using cortical filters with
(five) different effective standard deviations on the same retina
tessellation, extracting contrast information spanning the octave
scale separation indicated in Fig 3. Scale-space extrema in
Laplacian of Gaussian responses scale normalised by the
standard deviation squared have found to be stable in visual
scenes[9]. To detect scale-space extrema equitably across the
scales in the retina pyramid the authors had to also normalise
each (unique) Laplacian of Gaussian cortical filter on the non-
uniform tessellation with its mean response to random stimuli.
The authors detected discrete extrema locations on the non-
uniform retina pyramid by finding cortical filters greater or less
than all their neighbours in scale and space. The exact location
of the extrema on a scale-space continuum near its discrete
location is detected by fitting a quadratic across scale (solving
for the extrema at o,,.n,) and then a bi-quadratic across space
at Geurema, giving the accurate location of the extrema (Xxyemas
YVextremar Oexirema)- 1he localisation of the detected extrema was
improved by removing extrema generated at edges in the scene
using a corner detector on the spatial derivatives of the bi-
quadratic.

Fig. 3. Responses of Laplacian of Gaussian retina pyramid cortical filters with (from left to right) 4196, 1024 and 256 nodes, fixated upon the
centre of the standard greyscale Lena image. Responses were visualised as before using the cortical filter’s Voronoi region.
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The detected space-variant Laplacian of Gaussian scale—
space extrema were used as locations for interest points. The
authors defined the support of an interest point based on
adjacency in the associated non-uniform retina layer
tessellation’s Delaunay triangulation. Nodes with a graph
geodesic less than or equal to j away from the interest point’s
associated discrete extrema were considered within the interest
point’s space-variant support. These support nodes will be
denoted as vy e N;(v.) where N;(v,) is the set of nodes within
graph geodesic j of v.. A value of j=4 was used in this paper.
The responses of the cortical filters vy at the scale gyyems Were
determined by solving for contrast information on a the scale-
space continuum as before giving L(L,vy, Oewrema). Local
gradient vectors were computed by also finding L(Z,vi, Gexirema)
were v; € Nj(vy). Therefore the vertical and horizontal
components of the local gradient vectors on the non-uniform
retina pyramid around v, is given below

Lo @5V O esana) = Lo L5 Vs Ortrema)
O, (Vs I,Vs O yoma ) = D (X)) = x(vy 6
X(V?\, 2 ) Z( (V) (V,\ )) (x(v,) (v’\,))z (y(v,) y(V\,))Z ( )

L V30 o) = Loy L5 Vi s O
0, (311 = S50ty L) L L) (7)

2

i (x0) =x(vy)) +(y(m) = y(vy))
where x(v;) and y(v;) are functions that return the spatial
coordinate of node v;. The magnitude and orientation of the
local gradient at vy are as follows

Opae (44 103Gy ) =0, (4 G | 40, (03 LG} (D)

mag
20, (s 1V Oen) €)
O, (VN,],V(,,O'

Oaugle (VJV H 1 >Ves O extrema ) =tan )

The described computations for achromatic local gradients
O, and Oy were extended to chromatic gradients
(simultaneously extracting spatial and chromatic contrast
information) by sampling L(L,vi, Gexrema) a0d L(LVy, Gexirema)
from separate chromatic contrast channels.

Local orientation gradients at vy, were aggregated to form
the interest point descriptor using a Gaussian weighting to
reduce the influence of local gradient vectors at the extremes of
the interest point’s support. The spatial standard deviation y(v,)
of the Gaussian was based on the size of co-located retina
receptive fields on the retina tessellation on the Gaussian retina
pyramid resulting in a space-variant standard deviation. As the
scale-space extrema is detected on a continuous scale-space,
receptive field size is modulated with the offset of the scale
extrema on the octave on the retina pyramid to determine y(v,.)
accurately.

A. Orientation histograms
An orientation histogram for the local descriptor was obtained
by binning the local gradient vectors O(vy) from over a discrete
set of (eight) orientations 6 separated by A8 (45°). Redundant
representation of local gradient vector components was
prevented by only binning the positive cosine component of a
local gradient vector. Therefore the descriptor orientation
histogram at interest point (Xexyemas Vextremas Oextrema) 18 as follows
HL X ey Vesrana> Teroma> ¥ (00): 0) = Z LG U ——) (10)
X 0,0 Vs L3Y,30 110 ) X €0S(O,,00, (Vi s 1V, O ) = 0),€08(0,,,, (vy) —0) 2 0
The canonical orientation(s) 6, of the descriptor was found
by computing the peaks over the discrete orientations in the

descriptor orientation histogram H( I, Xewema Vedrena Ocaremas ¥ (Ve)s
). Separate interest point descriptors (orientated differently)
were created for each canonical orientation 6,., The exact
canonical orientation of each descriptor was determined by
fitting the quadratic over 6§ at 6., AG.

Based on the canonical orientation and support region of the
descriptor it is possible to divide the descriptor into sub-regions
to increase its spatial representation acuity. Nine sub-regions in
a rectilinear grid separated by kw(v.) and rotated with the
canonically orientation of the descriptor. A value of k = 0.4 was
chosen for experiments in this paper. If x;;, and y,;, are the x
and y coordinates of the descriptor sub-region bin, local
gradients were aggregated to form the descriptor sub-region’s
orientation histogram Hp;, using a Gaussian centred at each
sub-region centre with a standard deviation of kw(v.). As
previously, only the positive cosine orientation components of
the local gradient vector are binned into the orientation
histogram.

Hhin ([’ xexlrema > yexlremu ’ O-em'ema > \P(Vc )’ gcummical > xhin > ybin > 9) =
Z GVhs %> Vi s K Y U)X GOV s X pryoma s Vertrema s ¥ (Vo)) %
N

0,0 Wy, LV, 0 o (D

extrema

)xcos(O,, gle vy, 1,v,,0

extrema )

The interest point descriptor is formed by concatenating all
sub-region histograms and normalising to unity magnitude.
These features together with the spatial location of the interest
pOiIlt (xextremas Y extrema)7 canonical angle Hn‘anon[z,‘al and Support
region size (i.e. scale) w(v.) are used to represent visual content
based on the non-uniform feature extraction.

VI. OBIECT-BASED SACCADE GENERATION

A. Interest point matching

By extracting interest point descriptors using the space-variant
retina pyramid it is possible to match unknown descriptors
from a visual scene to known descriptors extracted from
labelled, known visual content. The Xz distance was used as a
distance metric to match descriptors and the log likelihood ratio
statistic was used to test the match between the descriptors.
Based on the log-likelihood ratio it is possible to give a
confidence to the match between pairs of interest points,
thereby assigning an object label to previously unknown
descriptors.

The Hough transform [10, 16] is also able to assign an object
scale and pose in the image based on the spatial arrangement of
the unknown and matched known interest points. Matches
between test and training interest point descriptors are used as
evidence that votes into a discrete Hough accumulator space.
The problem may be formulated as: if during training
descriptor H,,;, was found at location X, Viun at scale
Wuain(ve) and with canonical angle ,,,;,, what rotation R, scaling
S and translation T is consistent with finding descriptor H,,
(which was matched with H,,;,) at location Xy, V. at scale
Wiesi(ve) and canonical angle 6., in the scene? The authors used
the log-likelihood ration statistic between training and test
descriptors as the vote into Hough space. The Hough transform
was able remove outlier interest point descriptor matches that
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were not constant with a stable object hypothesis in the test
image as only stable hypotheses will generate a high votes.

As the quantisation of the Hough space is coarse, an affine
transformation of the interest point matches which contributed
to the stable object hypothesis is used to determine an accurate
pose hypothesis for the object in the unknown scene. The
confidence of the match between interest point descriptors is
used to bias the Gaussian elimination when solving the system
for the affine transformation parameters m; m,, m3 myand t,, t, .
A system with a single pair of matched interest points is given
below.

PH i | Ho Xy | | PH iy | H )X P H i | Ho)Y i
PH i | H) Vi | = 0 0
m] (12)
m,
0 0 P(H, | H ) 0
PH i | Hoo )X P iy | Hoei) Y i 0 P(H, | H,i) m
. . . . 4
t

B. Object-based Saccade Generation

In an object search task, top-down saliency information about
object position and pose can be used to generate the next
fixation location. The authors performed object based saccade
generation using two mechanisms. Mechanism I, used the
translation parameter from the affine transformation in
Equation 12 to generate in a hypothesis location (X,s, Vos) for
the object in the scene based on the current fixation. A saliency
map S for the scene specific to the object search task is
constructed where c¢,; is the confidence of the object
hypothesis.

S(round(xa,,/),round (yo,,/ )) = S(round (xob/. ), round (yob/. )) +c,, (13)

Saccadic targeting to a next fixation at the maxima location
on the saliency map will result in the system actively searching
for the target object based on its current hypothesis. The retina
is prevented from revisiting visual content previously sampled
with the high resolution fovea by an inhibition-of-return map
which suppressed the saliency map with a uniform circular
region with size of the retina’s fovea.

The location of (x,y, yo;) on the known test image will
correspond to the hypothesised centre of the target object. If
(Xobj> Yoby) 1s suppressed by the inhibition-of-return mechanism,
the authors generated saliency cued using Mechanism II, based
on the top-down spatial locations of expected target object
features in the unknown scene. These expected feature
locations (Xespected> Vexpected) are generated by transforming all the
training interest points (X,qin Viain) Using the solved affine
transformation parameters (Equation 12).

x@xpected _ |:m] m2 :||:xtrain :| + t-’f
y expected m3 m4 y train ty
The saliency information from the expected training object

feature location is temporarily aggregated into the saliency map
based on the spatial support of the training interest point w(v,).

N (round (xww red ) ,round ( Vespected )) =5 (round (xw“ wed ) ,round ( Vespected )) +y(v,)
15)
The following demonstration of saccadic exploration
(Figure 5) for object based visual search uses the saliency
mechanisms I and II to generate top-down attention based
saccadic behaviour. The space-variant system was presented
with the target scene with multiple objects taken from the SOIL
database [17] and given the task of finding the Ovaltine object
which the space-variant vision system observed previously
using bottom-up attention based saccade generation. The graph
in Figure 4 shows convergence of the Ovaltine object’s
hypothesised pose parameters m,..m, from Equation 12 to the
ground truth with the object-based saccadic exploration of the
scene.

(14)
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Fig. 4. (Left) Composite scene and training appearance of target object. (Right) Convergence of target object’s hypothesised pose parameters to
the ground truth with the saccadic exploration of the composite image. The images have been captured under real-world conditions with lighting
differences, occlusions and pose variations occurring between the instance of the Ovaltine object in the training appearance view and the test
composite scene. The retina pyramid was initially fixated upon the centre of the image and the high-resolution foveal region of the self-organised

space-variant retina is only the size of the X on the SAXA salt object.
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Fig. 5. Visual search for the Ovaltine target object. The responses of the Gaussian retina receptive fields and a rendering of the vision system’s
hypothesised target object location in the scene. The saccadic fixation number and the saccade generation mechanism that spawned the saccade
are listed above each instance. A type I saccade tends to occur when there is a large change in the hypothesised object location (to an unattended
region in the scene). Type Il saccades explore the spatial locations in the scene where parts of the target object are expected to be found.

VII. DISCUSSION

The visual machinery implemented in this paper enables the
extraction of interest point descriptors generated from any
arbitrary sampling tessellation. The authors showed that
interest points could be used to construct object hypotheses
based on visual information extracted from the low-resolution
periphery of a self-organised retina. Object based saccades
would locate the target object appearance and explore areas in
the visual scene where parts of the target object are expected to
occur based on the hypothesised pose of the object. We believe
this to be the first space-variant vision system reported in the
literature that is capable of fully automated top-down high-
level object hypothesis based saccadic behaviour using interest
points from a single unmodified appearance based target.

ACKNOWLEDGMENTS

This work is supported by the European Union 6th
Framework Program project “Integrated Project Research Area
CINE” Project ref: IST-2-511316-1P.

REFERENCES

1. Schwartz, E.L., "Spatial mapping in primate sensory projection:
Analytic structure and relevance to perception”, Biological
Cybernetics, 25: pp. 181-194, 1977.

2. Schwartz, E.L., "Computational Anatomy and functional
architecture of the striate cortex", Vision Research, 20: pp. 645-
669, 1980.

3. Johnston, A., "The geometry of the topographic map in striate
cortex", Vision Research, 29: pp. 1493-1500, 1989.

4261

4. Bolduc, M. and Levine, M.D., "A real-time foveated sensor with
overlapping receptive fields", RealTime Imaging, 1996.

5. Gomes, H., Model Learning in Iconic Vision. PhD Thesis,
University of Edinburgh. 2002.

6. Balasuriya, L.S. and Siebert, J.P., "A Biologically Inspired
Computational Vision Front-end based on a Self-Organised
Pseudo-Randomly Tessellated Artificial Retina", [JCNN, 2005.

7. Clippingdale, S. and Wilson, R., "Self-similar Neural Networks
Based on a Kohonen Learning Rule", Neural Networks, 9(5): pp.
747-763, 1996.

8. Schmid, C. and Mohr, R., "Local Grayvalue Invariants for Image
Retrieval", PAMI, 19(5): pp. 530-535, 1997.

9. Mikolajezyk, K., Detection of local features invariant to affine
transformations, PhD Thesis, Institute National Polytechnique de
Grenoble, France, 2002.

10. Lowe, D., "Distinctive image features from scale-invariant
keypoints", International Journal of Computer Vision, 60(2): pp.
91-110, 2004.

11. Treisman, A. and Gelade, G., "A feature integration theory of
attention", Cognitive Psychology, 12: pp. 97-136, 1980.

12. 1Itti, L., Koch, C., and Niebur, E., "A Model of Saliency-Based
Visual Attention for Rapid Scene Analysis", IEEE Transactions on
Pattern Analysis and Machine Intelligence, 20(11): pp. 1254-1259,
1998.

13. Swain, M.J., Kahn, R.E., and Ballard, D.H., "Low Resolution Cues
For Guiding Saccadic Eye Movements", CVPR, 1992.

14. Rao, R.P.N., "Top-Down Gaze Targeting for Space-Variant Active
Vision", ARPA, 1994.

15. Sun, Y., Object-based visual attention and attention-driven
saccadic eye movements for machine vision. PhD Thesis Thesis,
University of Edinburgh: Edinburgh. 2003.

16. Ballard, D.H., "Generalizing the Hough transform to detect
arbitrary patterns”, Pattern Recognition, 13(2): pp. 111-122, 1981.
17. Koubaroulis, D., Matas, J., and Kittler, J., "Evaluating colour
object recognition algorithms using the SOIL-47 database", Asian

Federation of Computer Vision Societies, 2002.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 1200
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


