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Abstract

For object recognition humans use explorative sac-
cades to locate salient features of objects and then
recognize them. The objective of this paper was to
demonstrate the conceptual design of an active vi-

sion system that locates salient features of objects .

through a number of explorative saccades using of
the log-polar mapping. The gaze at each feature
provided information about the identity of the fea-
ture. The visual field was divided into a center (the
fovea) and a surround (the periphery). The fovea
is where the gaze was, and the periphery was the
source of new gaze targets (“Where to look next”).
Only the periphery was being processed in our cur-
rent implementation. Corners were chosen to be the
gaze targets as well as the peripheral visual features
that were fixated in subsequent saccades. Through
a series of explorative saccades our algorithm lo-
cated all the visible corners of the object. The sys-
tem was implemented with the absence of a moving
camera yet active vision concepts have been used,
namely: The use of space-variant sensing (by em-
ulating the sensor), gazing at prominent features,
finding new gaze targets, and performing saccades
in order to fixate the new gaze targets.

1 Introduction

Active vision can dramatically simplify computa-
tions of early vision, enabling areas of interest to be
examined at desired resolution without the cost of
uniform high resolution sensing. Active vision often
incorporates space-variant sensing [11]. A space-
variant sensor is a camera image plane whose reso-
lution varies as a function of position. The human
retina is a prime example of such space-variance.
The retina has a high resolution center, called the
fovea, surrounded by a periphery whose resolution
decreases as a function of radial distance from the

fovea. Therefore the visual field could be divided
into two regions: a center and a surround; The cen-
ter is where the gaze currently is, and the surround
is the source of new gaze targets (“Where to look
next”). Similar to human retina, the features at
the periphery of a space variant sensor are repre-
sented at reduced resolution, yet they must have
sufficient fidelity to attract atftention. An impor-
tant question, hence, is: what are visual features
which can be informative at low resolution? Once
these visual features are located they are considered
as new gaze targets. Explorative saccades are per-
formed in order to fixate them. The generation of
explorative saccades is the most elementary behav-
ior in the context of eye-movement, and is used as
a basis for an active vision scene analysis by means
of “cognitive” saccades.

Although several researchers have addressed the
problem of attention control in the context of ac-
tive vision [11], animate vision [2], or purposive
vision [1], there is little information on practical
approaches to finding salient features in the visual
periphery and directing the gaze to these features.
The objective of this paper is to demonstrate how
the previously highlighted concepts of active vision
could be applied to locate salient features of an ob-
ject through a series of explorative saccades. The
salient features that we chose at this stage of devel-
opment were the corners of objects. Besides being
the gaze targets, corners were the peripheral visual
features which are fixated in subsequent saccades,
because corners can still be reliably detected at low
resolution (in the periphery). The gaze at a corner
enabled us to identify the corner. We defined the
tdentity of a corner as the number of edges meet-
ing at the corner and their orientation relative to
an arbitrarily fixed vector in the image plane (we
chose this vector to be along the x-axis in the im-
age). Knowing the identity of each detected corner
would help in solving the problem of matching of



corners in stereo images [8]. Through a series of
explorative saccades our algorithm locates all the
visible corners of the object as we shall explain in
details in the subsequent sections.

Detection of corners has been shown to be ex-
tremely useful in many computer vision tasks.
Jain [5] tracked the corners of objects, in the log-

polar domain, over a sequence of images in order

to estimate the depth of objects using a monocu-
lar camera. In autonomous vehicle navigation Von
Seelen et al [12] used corners as prominent features
to which cognitive saccades should be applied to
accomplish scene analysis. Another merit of using
corners is that the geometrical shape of a corner
provides a strong constraint for 3-D interpretation.
For example, it is possible to recover the 3-D pose
of a rectangular corner from its orthographic or per-
spective projection [6, 7]. Also time-to-impact com-
putation [9] for corners would provide information
the 3-D structure of the object if the camera motion
was known.

This paper is organized as follows: Section 2 de-
scribes the log-polar mapping. Section 3 explains
our system functionality and the interaction be-
tween its different modules. Section 4 describes our
algorithm along the concepts presented in Sections 2
and 3. In Section 5 we demonstrate the performance
of our system on real scenes, and finally we sum-

marize our ideas and future research in Sections 7
and 77,

2 Log-Polar Mapping

Schwartz [10] proposed a computational interpre-
tation of the spatial mapping between the retina
and the striate cortex of various vertebrates. Ac-
cording to him, the retino-striate mapping is char-
acterized by a complex-logarithmic function. The
complex-logarithmic function is defined as a map-
ping of a complex variable z to another complex
variable u = log z. Let z = (a + r) exp(j¢) (a > 1
is areal number) then u = log z becomes u = p+ 0,
where

p = log|z| = log(a + 1) (1)

0 = arg(2) = ¢.

This representation has the following attractive
features: First, the mapping is conformal, therefore
connectivity between the corners of objects are pre-
served in the log-polar (LP) domain. The second
property is that linear scaling and rotations about
the mapping origin (the fovea or the fixation point)
are transformed into linear shifts along the log(r)
and § axis, respectively. The complex-logarithmic
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mapping is, however, not invariant to translation.
l.e., a translation of ¢(= a real number) maps u into:

u— u=log(z +1) (2)

which is quite a different image from the original.

2.1 The Implementation of the Map-
ping

The mapping equations defined in the previous sec-

tion can be used for implementing the mapping as

follows: An image I(z,y) is mapped about the ori-
gin (F;, F,) to I*(p,6) as follows:

I"(p,0) = I(=,9) 3)

where

p=Mlog(l+,/(z— F.)* +(y-F)?) (4)

and
y_Fy'

6 = arctan (5)

T

M is a scaling constant.

The problem with this method was that it results
a sparse mapping as teh radial distance to the fovea
decreases [5, 3]. This motivated us to work inversely
from the mapped space and setting each pixel map
in this range to the corresponding image intensity.
In this case the sampled p, 8 pixel in the mapped
image I(p, f)and the corresponding z, y pixel in the
original image I(z, y) are related by

z = (exp?/™ —1) cos 6 (6)

and
y = (exp?’™ —1)sin 6. (7

The ranges for p and 6 are 0 < p < ppar and 0 <

0 < 27. pmas defines the width of the mapped
image.

3 Interaction scheme between
system modules

The interaction scheme in our system is depicted in
Figure 1. The system fixated a certain corner by
locating the fovea at that corner. The retinal image
(cartesian image) was then transformed to the cor-
tical image (LP image) which was then processed
for finding the corners in the periphery (as will be
explained in Section 4.2). The location of these cor-
ners were kept in the interest map since they were
the “interesting points” to be gazed at next. The
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Figure 1: Interaction scheme between system mod-
ules

fovea control module then moved the fovea to these
“interesting points”. This means that the decision
of “where to look next” in our system was feature
driven [11]. Gazing at a corner resulted in knowing
the “identity” of the corner: the number of edges
meeting at the corner and their orientations. This
facilitates establishing correspondences between de-
tected corners in two stereo images. It should be
noted that the periphery solely has been processed
for the detection of the “next gaze targets” which
implies that the fovea was not important for direct-
ing the gaze.

In our current system there was no camera mo-
tion. The fovea, however, could be placed at any
point in the image plane. In our future work we are
planning to fix the fovea in the center of the image
plane, and develop camera motion strategy to fixate
the each corner.

4 The Algorithm

The algorithm was based on three main tasks:

1. Locating the first corner to be fixated.

2. Gazing (foveating) at the corner in order to
identify it. As was mentioned before, we de-
fined the “identity” of the corner as the num-
ber of edges meeting at the corner and their
orientations.

3. Processing the periphery of the log-polar image
for locating features (in our case the corners)
to which the attention would be directed.

The algorithm is explained in detail in the follow-
ing subsections.

4.1 Locating the First Corner of the
Object

The hough transform [4] was used to detect the
longest edge in the image. We assumed that the

on of motion of the window

Figure 2: Algorithm for Detecting the End Points
of Image Line Segment

edge detected by the hough transform belonged to
the polyhedral object. This assumption is valid pro-
vided that the camera is close enough to the object.
After that the start and end corners of this edge
were detected, using a moving-window algorithm
that is explained, using Figure 2, as follows:

The solid line represents and edge in the image.
The dotted line represents the hough transform out-
put. A window of size h x w = 5 x 12 pizels was
moved along the dotted line. The window started
at A and was moved till it reaches B where A and
B were the intersections of the dotted line with the
border of the image. At each position the num-
ber of white pixels inside the window were counted.
The number of counts in the current window posi-
tion was compared with the counts in the previous
window position. The window was advanced by a
distance w each time. The first increase of count
of white pixels by 10 or more counts corresponded
to the detection of a start of the line segment. Ac-
cordingly the algorithm gives point S; to be the
start of the detected line segment, despite the fact
that another increase in count happened at Sz. On
the other hand the last decrease in the count by 10
or more corresponded to the end of the line seg-
ment. Thus in Figure 2 point Ej, not point Ej,
was reported by the algorithm to be the end of the
line segment. As shown in Figure 2 the spike ap-
pearing in the counts happened because the window
crossed a different line segment in the image while



Figure 3: Finding the first corner. The line coming
out from the middle of the bottom edge of the image
points to the first corner to be fixated (gazed at).

it was moving on the dotted line. The spike was an
increase in counts by more than 10 pixels followed
by a decrease in counts by more than 10 pixels. In
order to avoid that such a spike be reported as a
start and end of a line segment the detected start
and end of line segment should be at least 3w apart
(w is the width of the moving window).

Figure 3 shows the performance of the hough
transform and of the moving-window algorithm. We
have programmed the hough transform to locate 3
edges in the image. However the algorithm for de-
tecting the start and end corners of the edge was
applied only to the edge that corresponded to the
highest peak in the hough parameter space. In Fig-
ure 3 one side only of the moving window is drawn.
It is depicted as small line strip drawn perpendicu-
lar to the detected edge. The length of the strip is
h and the distance between two strips is w. We also
plotted a line coming from the center of the lower
border of the image to the point which was detected
to be the start of edge. It is seen that it points to
one of the object’s corners. This corner was taken
as the first gaze target.

4.2 Gazing at a Corner

As we mentioned before, the goal of gazing at a
corner is to “identify” it, which is determining the
number of edges emanating from this corner and
their orientations. Gazing at, foveating on, or fiz-
aling a corner in our system means performing the
log-polar mapping on the image with the origin of
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Figure 4: Algorithm of foveation at a Corner. (a)
Image Plane with The fovea at a Corner. (b) The
Log-Polar Mapping of Image plane in (a). (c) The
Constant 6 Histogram.

the mapping located at the corner position. Fig-
ure 4 illustrates the foveation on a corner. The
foveation position (the origin of the log-polar map-
ping) is (Fz, Fy). Point A lies on an edge that passes
through the foveated corner. That edge makes an
angle v with the horizontal. Point A = (za,y4)
maps to A/ = (M log(1+r4),7),

where 14 = /(24— Fz)? + (—ya + Fy)?. Simi-
larly, points B and C are mapped to points B! =
(log(1 + rp),4) and C1 = (log(1 + rc),a), re-
spectively. We want to draw the attention to the
fact that lines passing through the foveation origin
(Fz, Fy) were mapped to horizontal lines in the log-
polar domain. The vertical displacement of each
horizontal edge in the LP domain (v, ¢ and @)
equals the angle that the corresponding edge, in the
retinal (image) plane, made with horizontal direc-
tion (8 = 0).

4.3 Preattentive Feature Analysis

After gazing at a corner to identify it the next gaze
targets were to be located. This comprises the fol-
lowing two tasks: First, processing the LP image
resulting from the current gaze. Second, deciding
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Figure 5: Original image (Fixation on the corner
marked by two concentric circles).

“Where to Look (Gaze) Next”. The algorithms for
performing these tasks are described as follows:

1. Processing the LP image resulting from
gazing at a corner:

Figure 5 shows the original image of an ob-
ject. The fixation is at the corner marked by
two concentric circles, which was detected to
be the first corner for fixation (in Section 4.1).
Figure 6 shows the LP mapping of the image
shown in Figure 5. The three horizontal edges
corresponding to the edges meeting at the fix-
ated corner are detected as follows:

Assume that the original image is
I(z,y) 0<z<512,0<y<480, (8)
is mapped to

I(p,0) 0<p< Pmaz,0<0< 27w (9)

Applying the Sobel horizontal edge detector
on I(p,0) we obtained SH(p,0), then apply-
ing the Sobel vertical edge detector we got
SV (p,0). Subtracting SV from SH we ob-
tained HL(p,9).

H L(p, 6) contained only the horizontal edges as
shown in Figure 7. The positions (o, ¢ and v in
Figure 4) of these edges were detected from the
constant 0 histogram s(6) which was computed
as follows:

s(0) = Tz HL(p,0). (10)

p=m

Figure 6: The log-polar mapping of Figure 5.

A horizontal edge is assumed to exist at an an-
gle 0 = 6, if
s(61) > T, (11)

where T is a threshold for discriminating be-
tween an s(f) corresponding to a horizontal
edge and an s(f) that does not. Figure 8 shows
5(8) for the currently fixated corner. The three
peaks correspond to the three edges meeting at
the that corner. s(f) is very low for all other 6’s
that did not correspond to an edge. A value of
T equal to 40 was empirically chosen in our
experiments. m in Equation 10 was chosen
large enough such that the foveal region was
discarded in computing s(f) because the hori-
zontal edge diverged from the horizontal direc-
tion as p decreased. (m = 350 was used). The
algorithm was insensitive to the choice of m as
long as it was large enough to discard the foveal
region. On the other hand m should not be too
large otherwise the s(6) for some or all of the
horizontal edges might not be large enough to
be greater than T. This would result in failure
to detect these edges.

. Deciding “Where to Look (Gaze) Next”:

The decision of “where to look next” in our
system was solely feature driven; the “next”
corners that were to be fixated were the corners
located at the end of each edge passing through
the currently fixated corner. Such an approach
had the advantage of obtaining the connectiv-
ity between the objects’ corners. These “next
corners” would be the corners A, B, and C in
Figure 4 (a). Each of those corners mapped, in
the LP domain, to a corner located at the end
of the corresponding horizontal edge. These
are points A’, B’, and C' in Figure 4 (b).
Point A’ has the coordinates (Ra4,v) (v has



Figure 7: The result of taking the difference between
the image resulting from applying the sobel hori-
zontal edge detector and the image resulting from
applying the sobel vertical edge detector. The hor-
izontal edges only appear in this image.
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Figure 8: Peaks at the angle values that the edges
make with the horizontal in the image.
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Figure 9: Detecting the “next” foveation points in
the log-polar domain (small circles).

been obtained from the constant 6 histogram
as explained before). R4was obtained by cross-
correlating the row of HL corresponding to an
angle of v with a kernel which models the end
of line as follows:

Ra=maz(EM 1 HL(p, 7).kernel(p — u)),

(12)
where
= 1 _kern;lsize <z< 0
kernel(z) = { e <z< kern;ln’ze
(13)
and
M = signalsize + kernelsize — 1.  (14)

where signalsize = pna; — m and kernelsize =
100.

Similarly Rp and R¢ were obtained by replac-
ing v in the previous equation with ¢ and o
respectively. The detected positions are shown
by the three circles in Figure 9. These positions
were mapped back to the image plane. Fig-
ure 10 shows back-mapping of these positions
to the image coordinates. These positions were
the position to be fixated in the future gazes.

This procedure was repeated at every detected
corner in order to detect all the visible corners that
belonged to the polyhedron and the connectivity be-
tween them. As the process of foveation on corners
proceeds, the algorithm detects corners that have
been previously identified. To avoid that, two ap-
proaches to terminate the foveation procedure and
report the results have been adopted:

1. The first approach was to discard any of the
new corners which was found to be in the prox-
imity of those already kept in the “interest
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Figure 10: Next foveation positions shown as white
circles.

map”. The proximity distance was empirically
chosen to be 25 pixels. The detection process
was terminated when all the corners in the “in-
terest map” have been foveated.

2. The second approach was to gaze at feature
points irrespective of their proximity to pre-
viously detected features. In order to avoid
gazing at features points indefinitely we need
to know some information about the maximum
number of visible corners. that number could
be known if models of the objects were kept in
a database. Currently we have fixed the total
number of gazes to 13.

5 Experimentation with Real
Images

The two approaches for keeping new corners have
been tried during experimentation on different ob-
jects. Three of them are shown here. Figures 11
and 12 show the experimentation result of applying
the first approach to a pair of stereo images. The
performance is shown in Table 1 in the entries Box
(L) and Box (R) respectively. In Figure 11 it could
be seen that a corner (of coordinates (220, 345)) was
detected on the lower edge of the box instead of
the corner. The reason being that this corner has
been detected when the gaze was at corner number
7. We observe that the shadow of the top plane of
the box on the bottom plane gave rise to another
edge besides the edge of the box itself. These two
edges joined together in the low resolution periph-
ery of the log-polar image at a location closer to
the fovea than the actual corner location. There
is another erroneously detected corner near the left

Figure 11: The left image of the hollow box

corner of this edge (corner 7) when gaze was ap-
plied to corner number 2 due to the same reason.
Figures 13 and 14 show the result of applying the
second approach to the triangular and trapezoidal
polyhedrons. Looking at Figure 14 we observe that
a corner was detected in the middle of an edge. The
reason for that is that this was really a corner that
was created by the change in the direction of the
edge before and after this corner. The performance
of the algorithm with the corners of these objects is
shown in Table 1. The table entry “Error (pixels)”
is the error, in pixels, between the detected location

and the actual location of the corner. The detected
location for a corner was ( A ) where

n was the number of corners detected by our algo-
rithm to be in the proximity of this corner. The
entry “Shortest Edge (pixels)” is the length of the
shortest edge connected to that corner. “Error (%)”
is the percentage error for the corner and is given
by:

Error(pizels)
Shortest Edge(pizels)

Error(%) = x 100. (15)

The “Average Error (%)” is the average percentage
error for the object.

6 Advantages and
Limitations
The proposed system has the following advantages:

First, the algorithm is computationally efficient
since the corners were detected through a series of



Figure 12: The right image of the hollow box

Figure 13: The Triangular polyhedron

Vision Interface '94

Figure 14: The Trapezoidal polyhedron

saccades without wandering in the image. Second,
the algorithm is highly suited for parallel implemen-
tation, by distributing each corner in the “interest
map” to a processor so that the fixations could be
carried out simultaneously. This has already been
implemented and will be presented in a future pa-
per. Third, the system maintains the connectivity
between the detected corners. Finally, the system
simplifies the problem of matching between corners
detected in two stereo images because it keeps the
identity of each detected corner. The identity was
defined as the number of edges meeting at the corner
and their orientations. Corners of “similar” iden-
tity are matched together. “Similaridentity” means
that the corresponding corners have the same num-
ber of edges and the corresponding edges emanating
from corresponding corners have approximately the
same orientation. .

On the other hand the presented system has the
following limitations: First, the first corner of the
object was detected in the retinal (image) plane.
Second, the hough transform was used to detect the
longest edge in the image and we assumed that that
edge belonged to the object. Third, the foveal re-
gion occupied a big area of the LP domain and no
processing was done on the foveal region.

7 Conclusions

We have presented here an algorithm for locating
the salient features of objects through a series of
explorative saccades and fixations on each of these
features, one at a time. We have used the hough
transform to locate the first salient feature. Then
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Object Cornerl(Error Shortest EdgegErron Average
pixel)  (pixel) (%) [Error (%
1 2.0 94 2.12
2 0.0 94 0.00
Box (R)| 3 2.8 84 3.33] 2.63
4 4.2 84 5.04
5 6.2 128 4.86
6 0.0 86.14 0.00
7 3.2 86.14 3.66
1 2.0 91 2.19
2 2.2 91 2.46
Box (L) | 3 1.4 91 1.55] 3.97
4 9.8 91 10.7
5 2.0 124 1.16
6 1.0 86.00 1.16
7 94 86 10.9
1 5.8 150 3.68
2 5.0 150 3.33
3 6.0 150 4.00
Tri 4 3.6 150 239 5.12
5 8.0 150 5.37
6 2.2 150 1.48
1 |10.8 105.19 10
2 7.2 127.00 5.6
3 | 7.3 02218 3.2
Trapezoid 4 14 105.00 1.34| 5.768
5 |3.16 105.00 3
6 6.4 105 6.1
7 4.1 127 3.25

Table 1: The performance of the algorithm on the
examples of polyhedral objects

through the gaze at this feature and through the
processing the periphery the algorithm has located
the corners that are going to be gazed at next.
Therefore, in our system, “where to look next” is
solely feature driven.

The system was implemented with the absence
of a moving camera yet active vision concepts have
been used, namely: The use of space-variant sensing
(the emulation of it), gazing at prominent features,
finding new gaze targets in the visual periphery, and
performing saccades in order to fixate the new gaze
targets. The algorithm has been tested on real im-
ages and the results were shown.
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