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Abstract

A key problem in object recognition is selection, namely, the problem of
identifying regions in an image within which to start the recognition pro-
cess, ideally by isolating regions that are likely to come from a single object.
Such a selection mechanism has been found to be crucial in reducing the
combinatorial search involved in the matching stage of object recognition.
Even though selection is of help in recognition, it has largely remained un-
solved because of the difficulty in isolating regions belonging to objects under
complex imaging conditions involving occlusions, changing illumination, and
object appearances.

This thesis presents a novel approach to the selection problem by propos-
ing a computational model of visual attentional selection as a paradigm for
selection in recognition. In particular, it proposes two modes of attentional
selection, namely, attracted and pay attention modes as being appropriate
for data and model-driven selection in recognition. An implementation of
this model has led to new ways of extracting color, texture and line group
information in images, and their subsequent uze in isolating areas of the
scene likely to contain the model object. Among the specific results in this
thesis are: a method of specifying color by perceptual color categories for
fast color region segmentation and color-based localization of objects, and a
result showing that the recognition of texture patterns on model objects is
possible under changes in orientation and occlusions without detailed seg-
mentation. The thesis also presents an evaluation of the proposed model
by integrating with a 3D from 2D object recognition system and recording
the improvement in performance. These results indicate that attentional
selection can significantly overcome the computational bottleneck in object
recognition, both due to a reduction in the number of features, and due to a
reduction in the number of matches during recognition using the information
derived during selection. Finally, these studies have revealed a surprising
use of selection, namely, in the partial solution of the pose of a 3D object.

Thesis Supervisor: W. Eric L. Grimson
Title: Associate Professor of Electrical Engineering and Computer Science




A little learning is a dangerous thing;

Drink deep, or taste not the Pierian spring;
There shallow draughts intozicate the brain,

And drinking largely sobers us again.

Fired at first sight with what the Muse imparts,
In fearless youth we tempt the heights of Arts,
While from the bounded level of our mind,

Short views we take, nor see the lengths behind;
Byt more advanced, behold with strange surprise
New distant scenes of endless science rise!

So pleased at first the towering Alps we try,
Mount o’er the vales, and seem to tread the sky,
Th’ eternal snows appear already past,

And the first clouds and mountains seem the last;
But, those attained, we tremble to survey

The growing labors of the lengthened way,

The’ increasing prospect tires our wandering eyes,
Hills peep o’er hills, and Alps on Alps arise!

ALEXANDER POPE
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Chapter 1

Introduction

1.1 The Selection Problem

Exhibiting some understanding of a scene is important for robots to deal effectively
with their environment. This may involve determining which objects are present in a
scene or whether a particular object appears in a given scene. Both these operations
may involve model-based object recognition, that is, recognizing objects from their
stored model descriptions. Most of the approaches to model-based object recognition
have used geometric features to recognize objects. Such methods frequently proceed
by extracting points or edges as features from both the model and a given image
(Figure 1.1) and trying to identify pairings between image data and model features
that are consistent with a rigid transformation of the object model into image coordi-
nates. In the absence of any information about the possible location of the object in
the scene, all feature pairings are possible candidates and the search for the correct
pairings of data and model features becomes combinatorially explosive. Most of this
search is fruitless, especially when pairs of features belonging to separate objects
are tried, and cannot possibly yield a correct transformation. If recognition systems
were provided with information about a set of data features likely to come from a
single object, then the search for the matching features can be focused on relevant

6




Section 1.1 7

subsets of features that are likely to yield a correct transformation. Thus in the
image of Figure 1.1b, if it could somehow be determined that the region indicated
in t} circle came from a single object and hence all the features contained within
it, t. *n the number of features that need to be looked at would reduce considerably
(from 500 to 50 here). This can cause the number of matches that need to be tried
to be greatly reduced. To get an indication of the amount of reduction in search,
for a reduction in the number of image features from 500 to 50 as in Figure 1.1 and
assuming at least 4 pairs of features for matching, the number of possible matches
reduces from O(500450%) to 0(5050*) or by a total of about 10'? when there are 50
model features. Further, it is desirable to order these subsets of data features such
that the more promising ones, i.e., those that are more likely to point to a single
object, are explored first. This can not only increase the likelihood of a good match
being obtained earlier, but is also useful when the task is to recognize as many ob-
jects as possible in a scene. Recognition systems, therefore, have found the need for
a mechanism that can meet these goals, namely, to isolate areas in the image that
are likely to come from a single object, and to order these regions such that the more
promising ones are explored first. The problem of isolation and ordering of regions
likely to come from a single object has been termed the selection problem and has
been realized to be one of the key problems in recognition [59, 58]. It was shown in
[58] that the expected complexity of recognition (using a recognition method called
constrained search) can reduce from exponential to quadratic when all the features
(edges in this case) were known to come from a single object. Other recognition
methods have also found a need for such information as in the work of [95, 73]. Two
kinds of selection can be distinguished, namely, data-driven and model-driven selec-
tion. In data-driven selection, the isolation of regions is based solely on the image
data and some general a priori knowledge about the scenes, while in model-driven se-
lection, specific information about a model object is used to locate regions in a given
image that are likely to arise from this object. The data-driven selection problem
occurs when there is no specific information (apart from the features for matching)
available about the model object, or when more than one object is being recognized
so that model-independent selection is needed, or when the model object is to be
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indexed from a library of models based on the selected region.

1.2 The Difficulty in Selection

Whether selection is data or model-driven, it is apparent that it differs from the
problem of segmentation, where the goal is to partition the image into regions that
contain a single object. In selection, it is not essential to isolate regions that totally
contain a single object, nor is it necessary to partition the entire image into different
object-containing regions. In addition, the isolated regions are only likely to contain
the object and not guaranteed to do so. It would seem that these differences should
make the selection problem relatively simple. Yet, it has largely remained unsolved.
What makes selection so difficult? In the ideal case, if the appearance of the desired
object in the scene were known, and objects in the scene were nicely separated and
distinguishable from the background, and the illumination conditions were known,
then even simple methods that rely on intensity measurements would work well to
extract salient groups of features. But in reality the appearance of the object is
not known. In addition, illumination conditions and surface geometries of objects
present in a scene can cause problems of occlusion, shadowing, specularities, and
inter-reflections which are compounded even further by scene clutter. As can be
seen from Figure 1.1b, these conditions make it difficult to isolate regions likely to
come from . single object based on low-level features such as edges and lines. In
data-driven selection particularly, finding a way to extract meaningful structure in a
group of features that also points to their likelihood of coming from a single object is
difficult. Previous approaches to data-driven selection have regarded it as a problem
of grouping data features such as edges, lines and points based on relations such
as parallelism, or collinearity, [95, 125], distance and orientation (76], and regions
enclosed by a group of edges [25]. Here the observation that it is unlikely that a
random collection of features in a scene project to satisfy a relation such as convexity
or parallelism in an image is used to infer that the presence of such a relation points
to a greater likelihood of such features coming from a single object. This inference
is not often valid under occlusions, changes in illumination conditions, and noise in
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Figure 1.1: Illustration of object recognition. (a) A view of a model object with corner
features (in circles) and edges. (b) A scene in which the object appears. (c)- (d) A
set of matching corner features in the model and image respectively that were found
to give the correct transformation. (e) The model overlayed on the image of (b) using
the transformation computed from the correspon *:  foctures shown by the big circles
in (c) and (d).
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(a)

(b)

Figure 1.2: Illustration to show that additional information about the object and
scene can help in recognition. Here the model object and scene of Figure 1.1 are
shown in color. The color information can help to separate the object’s edges from
that of the background. But deducing that the colors on the object in the scene of (b)
are the same as those in (a) even though they appear different can be difficult.
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the image measurements with the result that most of the groups obtained are often
unreliable, that is, they do not come from a single object. Even when a description of
the object is available as in model-driven selection, interpreting data features under
these conditions is still difficult.

It would appear that some of these problems would be alleviated if we could use
more powerful model and image descriptors. For example, if we choose to use the
color information in the image for selection, then a single color region is very likely
to come from a single object (unless occlusions of similar colored objects occur) and
would serve the purposes of data and model-driven selection. But extracting color
regions is not easy. Also, finding a description of the color of the model object that
remains stable under a variety of imaging conditions is also difficult. For example,
deducing that the color of the object instance depicted in the scene of Figure 1.2b
is the same as in its medel description shown in Figure 1.2a can be difficult.

1.3 Attentional Selection

While it has proven difficult for machines to perform selection, humans, on the other
hand, seem to have no such problem. We are able to look at a scene and quickly
select some aspect of the scene for further processing. Frequently, such a selection
is restricted to single entities or objects in the scene. This ability to perform a
selection of the scene to focus the later processing is often attributed to the mech-
anism of visual attention [146, 70, 117]. The term attention has been interpreted
in several different ways by past researchers. It has been described variously as a
state of muscular contraction and adaptation, as a pure mental activity, as a limit
on the human capability to carry out elementary mental processes [1., 15], and as
a spotlight that glues the processing of features [149, 146]. All these views agree
though that the end result of utilizing the mechanism of visual attention is to se-
lect a certain portion of the scene on which to concentrate future visual processing.
Accordingly, visual attention can be viewed as a mechanism that by declaring some
aspect of the visual stimulus to be interesting, allows the brain to selectively respond
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Visual Attention Mechanism

Selection Focusing
Module Module

Figure 1.3: The view of visual attention taken in this thesis. The attention mech-
anism is regarded as consisting of a selection module and a focusing module. The
selection module declares some aspect/region of the scene “interesting” and causes
the focusing module to be directed to that region.

to it. In this view, the attention mechanism is thought of as consisting of a selection
module and a focusing module as shown in Figure 1.3. The attentional selection
module is one that declares a region of the scene interesting causing the focusing
module to be directed to that region. This directing of attention may be deliberate
or spontaneous, that is, may or may not be consciously driven. Attention focus
can be directed to aspects/regions of a scene that 'pop’ out [70), [39], or it can be
directed to aspects/regions that are relevant to a task. These two ways of directing
the attention focus may be thought of as two modes of attentional selection, namely,
attracted and pay attention modes respectively. Thus in attract-attentional selection,
the regions/aspects of a scene selected are those that 'pop’ out or attract’ attention®,
while in pay-attentional selection, the specific task information is used to ’pay’ at-
tention to only those object/aspects of the scene that are relevant to the task. The
attracted-attention mode of selection has been referred to as pre-attentive processing
and is usually considered to precede attention {147, 145, 149]. Here we adopt the
view taken in [70] and consider it as part of the entire attention mechanism.

 Here the term attention is used colloquially
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1.3.1 Attentional selection in object recognition

That visual attention can play a role in object recognition was realized by several
researchers [67, 148, 70). While most work has projected a role for attention as
enhancing the detectability of an object (that is being attended to), the idea of us-
ing attention to select relevant aspects of a scene to avoid the combinatorial search
in recognition was proposed in [70]. The aim of this thesis is to investigate this
hypothesis further. Specifically, the aim is to develop a computational model of at-
tentional selection, and use it as a paradigm for selection in object recognition. In
particular, we wish to use the attracted-attention and pay-attention modes to serve
as paradigms for data and model-driven selection respectively. Thus data-driven
selection can be achieved by identifying regions in an image that attract attention
(i.e., that are distinctive or salient) with respect to some feature such as color or tex-
ture, while model-driven selection can be achieved by paying attention to the model
object’s features (i.e., using the model features to decide saliency of features in the
image). While it is understandable that paying attention to model features can help
isolate areas in the image that could contain subsets of data features that are likely
to contain a single object (or the specific model object in this case), it is not immed;-
ately apparent how locating sali_ent regions can help in serving the goals of selection.
Such a choice is, however, motivated by the following considerations. First, it is often
observed that an object stands out in a scene because of some distinctive features
that are usually localized to some portion of the object. Therefore isolating distinc-
tive regions is more likely to point to a single object than an arbitrary collection of
features. Secondly, a distinctive region, if suitably found, can help in limiting the
number of candidate models from the library that can potentially match the given
data. This is especially true if only a few models in the library satisfy the features
that made the data region distinctive. Lastly, it has often been observed that the
first objects recognized in a scene are those that attract an observer’s attention (70}.
Thus ordering the regions by distinctiveness to decide which objects to recognize first
seems to be in keeping with this observation. Finally, a number of other approaches
have also suggested that selection, at least data-driven, can be performed based on
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some measure of saliency, such as the structural saliency of curves [135], or saliency
defined by local differences in contrast, color, or size [48, 97, 39].

1.4 Roadmap

So it appears that attentional selection is a reasonable paradigm for selection in
object recognition both because it can isolate regions likely to come from a (the)
singlevobject and because it also orders the selected regions. But how is attentional
selection achieved? Previous work on attention in psychological, psychophysical and
physiological studies has concentrated more on establishing the capabilities and the
existence of the mechanism rather than explaining how selection can be achieved.
Psychological studies have put forward theories of attention (145, 14, 44, 125, 36, 117),
while psychophysical studies have tried to indicate the effects of attention-mediated
behavior as well as the factors that affect attention [84, 42, 108, 51, 148]. For
example, such studies have observed that the knowledge of the location of the cue
helps in focusing attention faster [42], that an increase in the number of physically
similar distracting stimuli decreases the ability to attend [108], and that there is
a relation between attention and eye movements [51),(148]. Physiological studies
have tried to localize the various regions in the brain where attention can modulate
neuronal response. Cells whose response is affected by the state of attention have
been found to occur in the visual area V4, area 7, and the infero-temporal cortex
(IT) [62, 106, 131, 18]. So while these studies have attempted to establish the
existence of the attention mechanism, a few computational models have addressed
the question of what constitutes attentional selection [89, 24]. Such models could
explain mainly attract-attentional selection, and lacked enough detail to be amenable
to an implementation. We begin, therefore, by presenting a computational model of
the attentional selection process. This model, presented in Chapter 2, is designed
to exhibit both attract and pay-attentional selection using a single framework. The
thesis then describes an implementation of the model to serve as a paradigm for data
and model-driven selection. Figures 1.4 and 1.5 give a flavor for the selection that
can be performed by the system. Figure 1.4a shows an image of a realistic indoor
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(b)

(d)

(f)

Figure 1.4: Illustration of data-driven selection that can be performed by our atten-
tional selection mechanism. (a) An image depicting a scene of objects of different
materials and having occlusions and inter-reflections. (c)-(f) The four most salient
regions detected by the selection mechanism after eztracting the various color regions

in this image as shown in (b).

scene with shadows, inter-reflections, and consisting of many types of objects. The
four most salient regions found by the system in this image are shown in Figures 1.4b-
e. These regions are, therefore, the result of data-driven selection performed by the
system. Figure 1.5 shows an example of model-driven selection being performed by
our system. Figure 1.5a shows a model object and Figure 1.5b shows a scene in
which the model object appears. Finally, Figure 1.5¢ shows a region of the image
that is declared most likely to belong to the model object based on a description of
the object drawn from the view shown in Figure 1.5a.

The rest of the thesis discusses how such a selection of the scene can be achieved
by presenting an implementation of the model of attentional selection restricted to
three different features, namely, color, texture and parallel-line groups. Chapters 3, 4,

and 5 indicate how data and model-driven selection for object recognition can be
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(a)

(b)

(¢)

Figure 1.5: Mlustration of model-driven selection that can be performed by our at-
tentional selection mechanism. (a) A model object. (b) A scene in which the object
appears in a different pose and is illuminated differently. (c) Region of the scene de-
clared to most likely contain the model object by eztracting a color and tezture-based
description of the object from the view shown in (a).
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performed using these cues individually, which are later combined in Chapter 6 to
complete the description of an implementation of the attentional selection mode.. In
Chapter 3, we present a method of representing color information called perceptual
color categories as an appropriate representation for the task of selection. These color
categories are used to develop a fast region segmentation algorithm that extracts
perceptual color regions in images. The color regions extracted form the basis for
performing data and model- l1iven selection. Data-driven selection is achieved by
selecting salient color regions as judged by a color-saliency measure that emphasizes
attributes that seem to be important in human color perception. The approach to
model-driven selection, on the other hand, exploits the color region information in
the model to locate instances of the model in a given image. Here region adjacency
graph-based descriptions of model and image color regions are used to develop a
subgraph matching strategy for model-driven selection. The approach presented
tolerates some of the problems of occlusion, pose and illumination changes that
make a model instance in an image appear different from its original description.

Chapter 4 presents an approach to data and model-driven selection using texture
or pattern on objects as a cue. Here the image is modeled as a short space station-
ary process and texture information is captured in a representation called the linear
prediction (LP) spectrum, to develop a texture region segmentation algcrithm that
roughly indicates the different texture regions in the image. A measure of texture
saliency is then developed to select among the various texture regions. It captures
the interplay between regions of different contrast by analyzing their properties such
as area, shape, and relative placement. Next, the problem of using the texture
or pattern information on a 3D object as a cue to perform model-driven selection
is discussed. Here we use the linear prediction spectrum representation again and
show that the recognition of the texture pattern on an instance of the model object
in an image is possible even urder changes in orientation and occlusions. Specifi-
cally, we show that as the object undergoes a 3D linear transformation, the linear
prediction spectrum of a planar patch texture on the object undergoes a 2D linear
transformation that is the inverse of the transformation undergone by the texture.
This result is used not only to derelop a method of texture recognition by matching
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the LP spectra of mode] texture and an isolated image region, but also to recover
the transformation. The candidate matching regions are obtained without detailed
segmentation, by using a technique called overlapping window analysis. This analy-
sis, under some conditions, guarantees the existence of a window spanning an image
region containing only the model texture regardless of its position and orientation.
Such a region is sufficient for the recognition of the model texture using the LP
spectrum representation.

Chapter 5 examines the property of closely-spaced parallelism between lines on
objects and exploits it to achieve data and model-driven selection. Specifically, we
present a method of identifying groups of closely-spaced parallel lines in images.
Since the end result here is a grouping of lines based on a constraint, this falls into
the class of grouping methods for recognition. But the grouping scheme presented
generates a linear number of small-sized and reliable groups and meets several of the
desirable requirements of a grouping scheme for recognition. Data-driven selection
is achieved by selecting salient line groups as judged by a saliency measure that
emphasizes the likelihood of the groups coming from single objects. The approach
to model-driven selection, on the other hand, uses the description of closely-spaced
paralle] line groups on the model object to selectively generate line groups in the
image that are likely to be the projections of the model groups under a set of allow-
able transformations and taking into account the effect of occlusions, illumination

changes, and imaging errors.

Chapter 6 brings together the work on selection using the individual cues of color,
texture and line groups and places it in the context of the attentional selection model
proposed in Chapter 2. It presents ways in which these three cues can be combined
in both data and model-driven modes to perform an overall selection of the scene.
This completes the description of an implementation of the model of attentional
selection.

The next few chapters deal with the issue of evaluation of the attentional selection
mechanism. Specifically, the pay-attentional selection is evaluated by integrating
with a recognition system and recording the improvement in performance on test
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scenes. Chapter 7 presents details of the recognition system built and its integration
with the developed attentional selection mechanism. The conclusion reached from
the integration studies is that while attentional selection was originally envisaged as a
front-end to a recognition system, information derived during selection could also be
used during the matching stage of recognition. The search reduction possible using
each of the cues individually and in combination was then explored. These estimates
were then borne out in the actual test experiments. These results are presented in
Chapter 8. These indicate that attentional selection can reduce the search involved in
recognition drastically, by not only reducing the number of features to be examined
by removing large portions of the image that are irrelevant, but also reducing the
actual number of matches explored during recognition by providing more constraints
using information derived from selection. Finally, a surprising use of selection in
recognition became apparent from the studies on texture-based selection, namely,
that selection can lead to the partial solution of the pose of a 3d object in an image.

1.5 Conclusions

The thesis presents a novel approach to the selection problem in object recognition
by proposing a computational model of visual attentional selection as a paradigm
for data and model-driven selection. The specific contributions of the thesis lie in
the new ways of processing color, texture and parallel-line groups for performing
data and model-driven selection using the paradigm of attentional selection, and in
demonstrating that such a selection mechanism can drastically reduce the search
involved in object recognition. It is hoped that the proposed model of attentional
selection can be suitable for other tasks besides object recognition that require a
selection of the scene. It is also hoped that the model can give a plausible explanation
of the visual attentional selection in the brain.




Chapter 2

A Computational Model of

Attentional Selection

In this chapter we present a computational model of attentional selection. We adopt
the view that visual attention involves a selection phase followed by a focusing phase
as mentioned in Chapter 1. With this view, questions often unresolved about the
nature of the attention spotlight such as whether it is serial or parallel {107, 69, 150},
external or internal [51, 148], are not of concern as they deal with the focusing phase
of attention. Also, the model of attentional selection to be described here gives
a conceptual view of the processing that may be involved in the selection phase.
Therefore, no claims about a direct mapping of the model into neural architecture
will be made.

2.1 The Computational Model

The proposed computational model of attentional selection is shown in Figure 2.1.
According to this model, the scene represented by the image is first processed by
a set of feature detectors that generate the respective feature maps. Some of the
features that can be detected (apart from brightness) are: color, texture, depth,
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Figure 2.1: The computational model of attentional selection proposed in this thesis
that can demonstrate both atiracted and pay attention modes of attentional behavior.
The former behavior is achieved by a simultaneous activation of all feature maps
using default parameters and procedures. The pay attention behavior, on the other
The two modes are

hand, is achieved by a selective activation of feature maps.
proposed as paradigms for data and model-driven selection in object recognition.
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edges, curvature, contrast, line information such as parallelism, collinearity, length,
orientation, and others such as shape, size, symmetry, etc. The feature detectors
are algorithms or procedures that are designed to be open ended in that they may
have some parameters that usually have a default value but can be set by the task
at hand. The parameters can be, for example, the sigma of the Gaussian for an edge
detector, or orientation difference thresholds for deciding a set of lines to be parallel
in a parallel-line detector. Some of these features form a hierarchy, such as lines and
corners abstracted into polygons, an instance of the closure property. The model
therefore, allows feature detectors to interact via the medium of feature maps as
indicated by the back arrow from a feature map to a feature detector in Figure 2.1.
The model also allows more than one feature detector to be used to generate a
feature map in the hierarchy. The feature detectors in the model are considered
active units as indicated by circles in Figure 2.1 unlike the feature maps which are
considered passive units and indicated by rectangles in the figure. The activation
of the feature maps is controlled by a central attentional control as indicated in the
figure. On inactivation, some of the feature detectors may produce no output at all
while others may just let the image through without further processing.

Next, the feature maps are processed separately by selection filters that incor-
porate a set of strategies for selecting regions that are distinctive or salient in the
respective feature maps. The result of such a processing is available in the form of
individual saliency maps. When feature maps form a hierarchy, not all of them may
be processed by selection filters. ‘Th« sirategies are again algorithms for processing
information in the respective featur.: and may employ intermediate representations.
The choice of a strategy appropriate for a given task is decided by a central control
mechanism. The control mechanism itself obtains information to decide the strategy
from the task, the image, as well as a priori knowledge about the world.

Once the distinctive aspects of a scene along the respective feature dimensions
have been identified, there is a final arbiter module that also houses a set of strategies,
to decide the most significant aspects of the scene based on all the observed features.
Here again, the choice of the strategy is task dependent and is affected by the control
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mechanism. The set of regions finally selected can then be used for further visual
processing, as say, for recognition.

Thus the model suggests that information processing occur in three basic stages:
an elementary feature processing stage, followed by a selection based on individual
features or cues, and finally, an overall selection of the scene based on a combination
of cues. It employs, therefore, three types of representations: feature maps, indi-
vidual saliency maps, and finally, the overall selected regions map. The latter two
maps differ from the elementary feature maps in that they indicate the importance
of some image regions over the others so that not every region of the image may be
represented. Further, the regions here may map to spatially overlapping regions in

the image.

While the above description gives an impression of a passive flow of information,
the model incorporaten' considerable flexibility through the control mechanism that
can vary the strategies used to process features at each of the stages. The model
also allows top down task level and a priori information to be combined suitably
with the bottom up information derived by processing the image along the various
feature dimensions. Top-down task level information can influence the processing
of the image through the strategies driving the modules. Thus if the task involved
searching for a particular color, then the image may be analyzed by a feature detector
that looks only for that color rather than extract all the color regions so that the
exact form of the maps could vary based on the task. Finally, the model allows
for both serial and parallel forms of processing. All the feature dimensions can be
processed either serially or in parallel, and within a feature dimension, the image
could be analysed by serial or parallel algorithms.

Either mode of attentional selection can now be demonstrated within the frame-
work of the model as follows: In the attracted attention mode, all the modules at
all stages are activated and the default strategies residing in these modules are used
for choosing both a distinctive region within a map, and the overall most distinctive
regions. In the pay attention mode, the task dictates what feature maps need to
be activated and in what order. It also affects the choice of strategies in both the
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filtering and arbiter stages. The set of distinctive features chosen for a given scene
can thus be different depending on the mode of operation.

2.2 Relation to Other Computational Models of At-
tention

The above model has some similarities as well as differences with existing computa-
tional models of attention [89, 24). As in other models, the underlying motivation
has been to use attention as a mechanism of feature-based selection in scene under-
standing. Like other models, it is also based primarily on the psychophysical model
of visual attention by Treisman [145]. In Treisman's model, incoming information
undergoes a preliminary analysis stage that exposes the physical properties such as
color, orientation lines, brightness, etc. in feature maps. A filtering mechanism then
makes a selection of some part of the scene based on these feature maps. The model
emphasizes a preattentive stage where early representations of the image are formed
and filtered. This is followed by an attentive stage where attention is focussed on the
selected input. In fact, the idea of feature maps to represent the low level processing
of information in the image has been suggested for visual processing in general by
Marr [102], Barrow and Tenenbaum (6] and Treisman ({145] among others. While
Marr argued for a primal sketch as a map to expose the image features, Barrow and
Tenenbaum had termed the feature maps as intrinsic images. Although building ab-
straction levels in the form of feature maps helps to expose the information contained
in the image along the various feature dimensions, this alone is not sufficient. They
must be combined to succinctly represent the inferences made by such processing.
In Treisman’s model this was hidden in the concept of the selection filter. Later
computational models of attention tried to elaborate on the working of the selection
filter. In Koch and Ullman’s model [89], selection was done by combining the fea-
ture maps somehow into a single saliency map, and choosing the best (or the most
salient) region by a simple winner-take-all mechanism. The feature maps in this
model besides representing elementary operations on the image, also recorded the
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way in which image locations differed from their surrounding locations. Thus each
feature map tells how conspicuous a given location is in a given scene. In this sense,
it combines the feature map and individual saliency map of our model of attentional
selection. The saliency map in Koch and Ullman’s model combined information in
each individual map into one global measure of conspicuity [153]. A model of at-
tention proposed by Clark and Ferrier [24] later indicated a way of combining the
feature maps into a single saliency map by using a linear combination of weighted
feature values. That is, each feature map is assigned a weighting function that rates
their importance and helps in the selection of relevant features to be incorporated
in the saliency map.

The model proposed in this thesis, though similar in spirit to the previous mod-
els of attention, differs from them in several important respects. At the outset, it
makes explicit the existence of two modes of attentional selection, namely, attract
and pay-attentional selection, and provides a framework for exhibiting both modes
of selection. While all these models suggested a strict bottom-up processing, by con-
sidering pay-attentional selection, this model allows top-down task level information
to influence selection, allowing regions that are not necessarily salient on their own
to become salient if they are desirable/relevant for the current task. Next, because
of the hierarchy of features allowed, the maps need not be retinotopic. For example,
in a color region map, the representation may be in terms of the number of regions
and their spatial relationship rather than a pixel-wise representation of color regions.
Further, because the feature maps are of different types such as color, texture, etc.,
it is not appropriate to combine them all into a single saliency map, until sufficient
abstraction has been built based on these feature maps to allow a common basis for
comparison. This is done in the model by building multiple saliency maps, one for
each feature, and postponing their combination until the arbiter stage. This not only
allows a more flexible way of filtering each feature type as is appropriate for that
domain, but also allows a medium for top-down task level information to permeate
and affect the selection of the salient regions in each of these feature maps. The
combining of feature maps through the arbiter module is thus more general than
the linear combination way of combining cues proposed in Clark and Ferrier’s model
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(24]. Finally, the model separates the control issues from the assembly of feature
maps, thus allowing us to analyze separately their individual roles in making up the
attentional selection mechanism.

2.3 Performance Evaluation

An interesting question associated with the development of a computational model
of attentional selection is how the success of a system implementing the model can be
evaluated. That is, how does one evaluate the nature of selection performed by such
a system? Evaluating an implementation of attract-attention mode is tricky since it
would entail seeing if there is agreement with the selection performed by humans.
That is, when asked to describe the most noticeable regions of a scene, do the regions
selected by the attract-attention mode of the model coincide with the conclusions
of human observers. To test this, psychophysical experiments could be performed
in which eye movements of observers are recorded. The density of fixations can be
taken to be indicative of the saliency of a region. With this method however, the
performance of the system can be judged mostly in cases where the distinctive fea-
tures detected are localized to a small spatial region. Also, it may not be conclusive
since the directing of attention to a region can be independent of eye movements [51).
Even when we cannot evaluate this attention mode by psychophysical experiments, it
may still be interesting to see if such an implementation serves some useful purpose.
Since our original motivation was to propose attentional selection as a paradigm for
selection in object recognition, one way to evaluate the attract-attention mode would
be to see if the selected regions satisfy the requirements of data-driven selection in
object recognition, that is, do they come from a single object? And are such regions
useful for reducing the search in object recognition?

Evaluating the pay-attentional se