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Abstract

eliminates the need for these expensive and slow intermediate steps. It measures features by foveal sampling - dynamically allocating visual resolution spatially and temporally to objects relevant to the task.
Since foveal sampling uses sensor and processing resources more efficiently, it supports a decrease of several orders of magnitude in the amount of data processing needed to execute and complete a vision task.
To verify the concept of this new approach, a software
demonstration system has been built. The demonstration system mimics human eye movements to find
“attractive” regions quickly and accurately. Test results on real data indicated that the foveal vision based
approach provides an increased ability to discriminate
targets.

Unlike traditional a u t o m a t i c target recognition
(ATR) approaches, t h e foveal vision based approach
uses a foveated sensor t o dynamically allocate visual
resolution spatially and temporally t o objects relevant
t o the task. I t m i m i c s h u m a n eye m o v e m e n t s t o find
“attractive” regions quickly and accurately. A software demonstration s y s t e m has been b u d based o n the
foveal vision approach and tested o n a variety of sens o r data including TV, infrared (IR), and laser radar
(LADAR). T e s t results indicated that the foveal vision
based approach not only supports a decrease of several
orders of magnitude in t h e a m o u n t of data processing
but also provides a n increased ability t o discriminate
t arg et s.
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Introduction

tem

Current ATR systems are highly computationally
intensive and susceptible to the high-variability of target signatures and backgrounds that result from effects such as variation in illumination, aspect angles,
occlusion, and obscuration. It is necessary to employ
new techniques capable of managing these issues in a
robust manner. Studies in the neuroscience, machine
vision, and neural networks have suggested that the
best way to cut the costs and increase the capabilities
of machine vision systems is to move to foveated sensors. In fact, a number of impressive demonstrations
of the advantages and potential capabilities of such
sensors have been carried out [l,21.
Recently, we have developed a foveal vision based
ATR system under the Army VARTAC program. To
derive features, current machine vision systems start
with a uniformly sampled, high-resolution image, and
then carry out an enormous number of arithmetic calculations. In contrast, the foveal vision based system
~

The foveal vision based ATR system contains five
major functional modules: a foveated sensor, a saccade generator that originates movements and locates
potential targets, a centering processor that stablizes
movements and measures target center, a false alarm
filter that eliminates false alarms, and a target classifier that generates target IDS.

2.1

Foveated Sensor

The foveated sensor measures features by foveal
sampling. It is based on the modified version of Rybak’s foveal rosette system [2]. The foveal rosette is a
sampling frame of nodes defined by the intersections
of concentric rings and radial spokes as show in Figure 1. The radius of each ring is much larger than
the previous ring; this provides a nonuniform sampling pattern. At each intersection of a spoke and
a ring, a set of Gabor features is gathered. The essential element of the rosette is the high density of
the features near the center of the rosette and regular
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falloff of features to low density at the periphery of the
rosette, not their regular spacing. The specific feature
set is based on the concepts of Rybak[2]. The scale
of the spatial frequency features depends on its sampling position in the rosette. The scale gets smaller
towards the center of the rosette to achieve a higher
resolution. The point on the image that lies at the
center of the rosette/foveal sampling pattern is called
a fixation point. The movement of the rosette from
one fixation point to the next, which is known as a
saccade, is controlled by the saccade generator.
Gabor features are generated by convolving Gabor functions with the image at the rosette sampling
points

ensures that the image information available to the
saccade generator at a given time will be sufficient.
The saccade generation is closely related to the
problem of the selective attention in the human visual system. Since most information contained in the
image is irrelevant to a vision task, it is necessary to
focus analysis on regions of interest. Motivated by the
studies of human visual behavior, the saccade generation module uses target matching patterns with a set
of selection rules to determine regions of interest based
on Gabor features. The selection rules which are similar to the criteria used in the human eye movement
[6] are based on

where I ( x , y ) is the intensity function of the image,
G(z,y) is a Gabor function, and g ( i , j l m , n ) is the
Gabor feature, (i,j ) is the coordinates of the selected
point, n denotes the orientation and m denotes the resolution. The orientation and resolution is determined
by the modulation and scale parameters, respectively
[3, 41. Gabor features are further organized as a feature vector

Low-level visual stimuli such as color, contrast
and spatial frequency.

e

High-level visual features such as vertices of polygons and axes of symmetry.

e

Proximity of stimulus such as a target closer to
the fovea than the others.

e

High-level goal such as locating preselected targets.

For moving t,argets, factors such as sudden change,
motion, and direction are used.
The target matching patterns have very simple geometric shapes such as rectangle, oval, etc. The basic
concept is that human-made objects have geometric
structure that is, at low spatial resolution, similar to
such simple geometric shapes. On the other hand,
backgrounds typically are not similar to such shapes,
particularly when shapes of a particular scale are used.
Selection of matching patterns depends on the highlevel goal. Saccades have been called “programmed”
to emphasize a visual target must be chosen in advance before the movement occurs. To identify points
in an image which are rnost likely to be target locations, a similarity function is used. The similarity
function compares Gabor feature vectors calculated at
the rosette sampling points with a Gabor feature vector representing the target matching pattern.
The similarity function is defined as

where T is the transpose operator, single vertical line
I . I denotes the absolute value operation, and subscripts r and a denote the real and imaginary parts
of the Gabor feature, respectively. Since Daugman
has been shown that with a relatively small number
of Gabor functions, an image/region can be vividly
reconstructed from the Gabor vectors with little loss
of visual details, only a few Gabor features are needed
to represent a target.
A prototype demonstration model of foveated sensor which computes Gabor features has been built under the ARPA sponsored Wheel of Fortune program.
Details on the demonstration model can be found in

[51.
2.2

e

Saccade Generator
where G ( i , j )is the Gabor feature vector at point
( i , j ) , G(p) is the Gabor feature vector of the target
matching pattern, ‘‘.” denotes the inner product, and
double vertical line 11 )I is the norm operation. Since
the matching pattern is fixed, its Gabor features can
be precomputed and only has to be computed once.

The saccade generator moves the center of the
rosette to fixation points on objects of interest as
shown in Figure 1. A nexus point defined its a fixation
point that is located at a repeatably finable “center”
of spatial frequency activity of an object. Each saccade is less than one rosette radius in length. This
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The similarity function is normalized to [0, 11. If the
pattern matches the target exactly, i.e.,

ral networks have been studied for many years and significant progress has been made in the past few years.
With a learning algorithm [9, 10, 113, the MLF neural
network is capable of partitioning the pattern space
with arbitrary nonlinear decision boundaries [ll]. It
provides a powerful classification tool for target identification.
The false alarm filter eliminates false alarms from
potential targets. Eliminating false alarms saves computation and makes the training procedure and classification task much easier for the target classifier. The
input to the MLF neural network consists of multiple Gabor feature vectors which collectively represent the target. The number of neurons in the input
layer is determined by the number of the feature vector components. The output layer of the MLF neural
network contains multiple processing elements (PES).
The number of PES in the output layer is equal to the
total number of classes. One PE is for each possible
target ID. The output is interpreted as a 1-out-of-N
(for N possible classes) code, i.e., the output class is
taken to be the ID associated with the P E that has
the highest state. The number of the inputs and outputs can be predetermined. However, the number of
hidden layers and the number of PES in each hidden
layer are variable. They depend on the properties of
the features and number of the inputs and outputs,
and must be experimentally determined.

then the similarity function gives a value of 1.0. But
it is always less than 1.0 since none of targets has the
same shape as the match pattern, a filled polygon.
The similarity function is adopted from the one used
by Buhmann et a1 [7]. To capture the local structural information, multiple feature points are used for
each target. A threshold is used to determine whether
the sampling point is a potential target or not. The
threshold is often set at a very low level to ensure that
no target will be missed.
Using the similarity measurement approach has a
number of advantages. First, the detection performance in noise is good because it implements a form
of matched filter. Second, using the Gabor features as
reduced representation of the geometric match pattern
results in a very computationally efficient implementation. Third, by using multi-spatial scales, partially
occluded or obscured targets can be detected. Finally,
by properly normalizing the Gabor features, contrast
reversal invariance can be achieved.

2.3

Centering Processor

The centering processor stablizes the sensor and
keeps the target centered after the sensor moving to
the new fixation point. Due to the limited number
of the rosette sampling points, new fixation points selected by the saccade generator are often off the target
center. The stablization is a control problem involving an error estimator, a plant, and a control law that
drives the error to zero [8]. The error signal can be
derived from a variety of sources. The most important source is the vision system since the stablization
depends on visual tasks. For ATR applications, the
visual task is to locate targets. Therefore, the stablization can be simplified as a problem of finding the
target center. The saccade generation module locates
the target center based on local statistics such as local intensity distributions. Cabor features are then
extracted from the target cenisr and its surrounding points for the classification phipose. Using the
foveated sensor, Gabor features can be gathered instantly once the target is centered.

2.4

3

A Demonstration System

We have built a demonstration system to verify
the concept of the foveal vision based approach. As
mentioned earlier, a prototype demonstration model
of a foveated sensor has been built separately under
the ARPA-sponsored Wheel of Fortune project. The
demonstration system described in this sectmionis a XWindows software based simulation system. Since no
foveated sensor has been used in the demonstration
system, the feature extraction is carried out by t h e
saccade generator. The demonstration system is designed to input any two-dimensional image data such
as TV, IR,, and LADAR and graphically demonstrate
the results overlaid on the input image.
The user interacts with the system through the system’s display window. As shown in Figure 3, the top
part of the display window is a panel which contains
seven (‘buttons’’: Load, Batch, Saccade, Center, FAF,
TC, and Quit. The Saccade stands for the saccade
generator, the Center for the centering processor, the
FAF for the false alarm filter, and the T C for the target classifier. The Load button is used to read and

False Alarm Filter and Target Classifier

Both the false alarm filter and target classifier use a
multi-layer feedforward (MLF) neural network. Neu-
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display an image and the Quit button is for closing
the display window. The Batch button is mainly for
running multiple saccades and the number of saccades
can be defined by the user. Each button can be pressed
to run the corresponding module. Pressing a button
before the last module completed just queues up the
request to execute that module when the last module
completes. Although the typical system sequence is
Saccade/Batch, Center, FAF, and TC, the user may
choose to skip intermediate steps using the results of
the last executed previous processing step as input to
the selected processing step. The bottom part of the
display window shows the currently selected image.
Figure 2 shows a second generation IR image which
contains only one target near its center. The detection and classification results are given in Figure 3.
A target was found immediately and classified correctly as a BMP after the first saccade. The initial
fixation point was set at the image center. The plus
sign
represents the first fixation point, the circle
indicates the target center, and the number “2” overlaid on the target gives the target class. The match
pattern had a rectangular shape and was used for all
targets. The neural network was trained for 12 classes
including clutter as given in Table 1. After 15 saccades, the whole image was completely searched and
only one target was found. This performance is typical for the foveal vision based ATR system. Compared
with traditional target detection algorithms/systems,
the foveal vision based ATR system supports a decrease of one t o two orders of magnitude in the amount
of data processing required for ATR and provides an
increased ability to discriminate targets.

“+”

Class

[ Target ID
Clutter

HUMMV
4

M730
T72

zsu23
M60
M113

Table 1: A list of target classes.
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First saccade

I

Second saccade
Figure 1 The saccade generator uses the features
gathered at the current fixation Point to generate a
saccade ’Ihe arrow indicates the moving dlrectlon
from the first fixation point to the second fixation
point The fokeal rosette h a s 5 rings and 16 spokes

Figure 2 A second generation IR inlag? which contalns only one target near I t s center

Figure rj: The demonstration systern contains an image display window and a panel from which seven
diffewnt modules can be 1a.unched. A target was successfully detected and correctly recognized after the
first saccade. The initial fixation point was set. at thc image center. The cross sign “+“ represents the first.
fixation point. the dark circle indicatcs wliere the t.arget center is located, and the riurnber “2” overlaid
on t,he target gives the target, class. A list of 12 target classes including clutter is placed o n the upper
left corner of‘t,heimage. A f k r 15 saccades, the whole image was completely searched and only one target
was foiind.
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