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Foreword

In humans, more than 30% of the brain is devoted to visual processing to
allow us to interpret and behave intelligently as part of our daily lives. Vi-
sion is by far one of the most versatile and important sensory modalities for
our interaction with the surrounding world. Consequently, it is not surpris-
ing that there is a considerable interest in endowing artificial systems with
similar capabilities. Computational vision for embodied cognitive agents of-
fers important competencies in terms of navigating in everyday environments,
recognition of objects for interaction and interpretation of human actions as
part of cooperative interaction.

One problem in terms of use of vision is computational complexity. It is well
known that tasks such as search and recognition in principle might have NP
complexity. At the same time, for use of vision in natural environments there
is a need to operate in real-time, and thus to bound computational complex-
ity to ensure timely response. The study of visual attention is very much the
design of control mechanisms to limit complexity. Using a rather coarse clas-
sification one might divide visual processing into data- and model/goal-driven
processing. In data-driven processing, the areas of an image to be processed
are selected based on their saliency and offered to other modules in a system
for higher-level tasks as, for example, recognition and description. So this is
very much the “What is out there?” type of processing. In model-driven pro-
cessing, the processing is driven by a desire to answer questions such as “Is
there a cup in the image?”. The selection of which regions to process and how
to fuse different image descriptors is then performed according to criteria of
optimality in the sense of discrimination.

Visual attention has been widely studied for at least a century, and over the
last 25 years rich models of visual attention in primates have been developed.
This is not to say that a complete model is available; in fact, a number of
competing models have been reported in the literature. However, there are
well-formulated models from biology which can be adopted for computational
systems.
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Abstract

Visual attention is a mechanism in human perception which selects relevant
regions from a scene and provides these regions for higher-level processing as
object recognition. This enables humans to act effectively in their environ-
ment despite the complexity of perceivable sensor data. Computational vision
systems face the same problem as humans: there is a large amount of infor-
mation to be processed and to achieve this efficiently, maybe even in real-time
for robotic applications, the order in which a scene is investigated must be de-
termined in an intelligent way. A promising approach is to use computational
attention systems that simulate human visual attention.

This monograph introduces the biologically motivated computational at-
tention system VOCUS (Visual Object detection with a CompUtational at-
tention System) that detects regions of interest in images. It operates in two
modes, in an exploration mode in which no task is provided, and in a search
mode with a specified target. In exploration mode, regions of interest are
defined by strong contrasts (e.g., color or intensity contrasts) and by the
uniqueness of a feature. For example, a black sheep is salient in a flock of
white sheep. In search mode, the system uses previously learned information
about a target object to bias the saliency computations with respect to the
target. In various experiments, it is shown that the target is on average found
with less than three fixations, that usually less than five training images suf-
fice to learn the target information, and that the system is mostly robust with
regard to viewpoint changes and illumination variances.

Furthermore, we demonstrate how VOCUS profits from additional sensor
data: we apply the system to depth and reflectance data from a 3D laser
scanner and show the advantages that the laser modes provide. By fusing
the data of both modes, we demonstrate how the system is able to consider
distinct object properties and how the flexibility of the system increases by
considering different data. Finally, the regions of interest provided by VOCUS
serve as input to a classifier that recognizes the object in the detected region.
We show how and in which cases the classification is sped up and how the
detection quality is improved by the attentional front-end. This approach is
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especially useful if many object classes have to be considered, a frequently
occurring situation in robotics.

VOCUS provides a powerful approach to improve existing vision systems
by concentrating computational resources to regions that are more likely to
contain relevant information. The more the complexity and power of vision
systems increase in the future, the more they will profit from an attentional
front-end like VOCUS.
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VI Foreword

The present volume is an excellent example of how such computational
models can be adopted for artificial systems and how we can study these mod-
els empirically using robots. Simone Frintrop has chosen to base her research
on the popular model by Koch and Ullman, which is based on the psycho-
logical work by Treisman termed the “feature-integration-theory”. The model
uses saliency maps in combination with a winner-take-all selection mechanism.
Once a region has been selected for processing, it is inhibited to enable other
regions to compete for the available resources. The Koch-Ullman model has
primarily been studied for data-driven/bottom-up processing. The framework
presented in the present volume — the VOCUS (Visual Object Detection
with a Computational Attention System) — presents a modification of the
Koch-Ullman model to enable both data-driven and model-driven integration
of features. Through adaption of a hybrid model it is possible to integrate the
control strategies for search and recognition into a single attentional mecha-
nism.

VOCUS includes a strategy for direct learning of object models for later
recognition. It is well suited for design of artificial systems to be used in appli-
cation, for example, in cognitive systems or in robotics. The volume contains
not only a basic design of the hybrid attention model, but the new method has
also been tested on detection and recognition of objects in everyday scenar-
ios such as indoor office navigation and recognition of objects on a cluttered
tabletop. VOCUS has in addition been evaluated for detection of objects using
laser range data, which represents an extreme version of a dense disparity field.
Using such diverse sets of feature representations, highly efficient strategies
for both search and recognition have been reported.

Simone Frintrop has thus achieved significant progress on several fronts.
First of all, the new model represents a major step forward on integration of
data and model-driven mechanisms for studies of visual attention. In addi-
tion, the model has been empirically evaluated using a diverse set of visual
scenes to clearly characterize the new model. It is highly encouraging to see
this synthesis of earlier results from primate attention work into a joint model
and to see the application of the attention model in the context of robotic
applications for navigation and scene modeling.

Henrik I. Christensen
Stockholm, December 2005.
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Introduction

1.1 Motivation

Imagine the following scenario: you are visiting the street carnival in Cologne,
Germany for the first time. Fascinated by the colorful and imaginative cos-
tumes of the people around you, your gaze wanders from one exciting spot
to the next: here a clown with a fancy dress, there a small boy masqueraded
as Harry Potter. But not only visual cues capture your attention: over there
a band starts to play the new hit of the year and the smell of fresh cookies
from the right also revives your interest. Suddenly you remember that you did
not come here alone: where has your friend gone? You start to look around,
finding her is not easy in the crowd. You remember that she wears a yellow
hat, a clue that could make the search easier and you start to watch out for
yellow hats. After your gaze has been distracted by some other yellow spots,
you detect the hat, recognize your friend who is just dancing with a group of
witches, and you start to push through the crowd to join them.

This scenario gives an insight into the complexity of human perception.
A wealth of information is perceived at each moment, much more than can
be processed efficiently by the brain. Nevertheless, detection and recognition
of objects usually succeed with little conscious effort. In contrast, in com-
puter vision and robotics the detection and recognition of objects is one of
the hardest problems [Forsyth and Ponce, 2003]. There are several sophisti-
cated systems for specialized tasks such as the detection of faces [Viola and
Jones, 2004] or pedestrians [Papageorgiou et al., 1998] — although even these
approaches usually fail if the target is not viewed frontally — but developing
a general system able to match the human ability to recognize thousands of
objects from different viewpoints, under changing illumination conditions and
with partial occlusions seems to lie remotely in the future. Suggesting there-
fore to improve the performance of technical systems is to seek for inspiration
from biological systems and to simulate their mechanisms — the brain is the
proof that solving the task is possible.
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One of the mechanisms that make humans so effective in acting in everyday
life is the ability to extract the relevant information at an early processing
stage, a mechanism called selective attention. The extracted information is
then directed to higher brain areas where complex processes such as object
recognition take place. Restricting these processes to a limited subset of the
sensory data enables efficient processing.

One of the main questions when determining the relevant information is
the problem of what is relevant. There is no general answer since the relevance
of information depends on the situation. With no special goal except exploring
the environment, certain cues with strong contrasts attract our attention,
for example the clown in the fancy dress. The saliency also depends on the
surrounding: the clown is much more salient in a crowd of black witches than
among other clowns. In addition to these bottom-up cues, the attention is
also influenced by top-down cues, that means cues from higher brain areas
like knowledge, motivations and emotions. For example, if you are hungry the
smell of fresh cookies might capture your attention and cause you to ignore
the clown. Even more demanding is a goal: when you start to search for the
yellow hat of your friend you concentrate on yellow things on the heads of the
people around you. Other cues, even if salient, lose importance. Both bottom-
up and top-down cues compete for attention and direct your gaze to the most
interesting region. The choice of this region is not only based on visual cues
but, as suggested in the carnival example, sounds, smells, tactile sensations,
and tastes also compete for attention.

In computer vision and robotics, object detection and recognition is a field
of high interest. Applications in computer vision range from video surveil-
lance, traffic monitoring, driver assistance systems, and industrial inspection
to human computer interaction, image retrieval in digital libraries and med-
ical image analysis. In robotics, the detection of obstacles, the manipulation
of objects, the creation of semantic maps, and the detection of landmarks for
navigation profit considerably from object recognition.

The further the development of such systems proceeds and the more gen-
eral their tasks will be, the more urgent is the need for a pre-selecting system
that sorts out the bulk of irrelevant information and helps to concentrate on
the currently relevant data. A system that meets these requirements is the
visual attention system VOCUS (Visual Object detection with a CompUta-
tional attention System) that will be presented in this work.

1.2 Scope

In this monograph, a computational attention system, VOCUS, is presented,
which detects regions of potential interest in images. First, fast and rough
mechanisms compute saliencies according to different features like intensity,
color, and orientation in parallel. If target information is available, the features
are weighted according to the properties of the target. Second, the resulting
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information is fused and the most salient region is determined, yielding the
focus of attention. Finally, the focus region is provided for complex processes
like object recognition, which are usually costly and time consuming. By re-
stricting the complex tasks to small portions of the input data, the system is
able to achieve considerable performance gains.

The introductory example presented above already contains the four main
aspects of the monograph which are examined in the four main chapters:
first, VOCUS detects regions of interest from bottom-up cues such as strong
contrasts and uniqueness (e.g., the fancy clown); second, top-down influences
such as goal-dependent properties influence the processing and enable goal-
directed search (e.g., the yellow hat); third, information from different sensor
modes attracts the attention and is fused to yield a single focus of attention
(as the music and the smell of cookies compete for attention with the visual
cues) and finally, after directing the focus of attention to a region of interest,
object recognition takes place (e.g., recognition of the hat).

Now some words to categorize the present work. There are two objectives
usually aspired by computational attention systems. The first is to better un-
derstand human perception and provide a tool that is able to test whether
the psychological models are plausible. The second objective is to build a
technical system which represents a useful front-end for higher-level tasks as
object recognition and thus assists to yield a faster and more robust recog-
nition system. This monograph concentrates on the second objective, that
means the aim of the work is to build a system that improves the recognition
performance in computer vision and robotics.

1.3 Contributions

This monograph presents a new approach for robust object detection and
goal-directed search in images. The work is based on a well-known and widely
accepted bottom-up attention system [Itti et al., 1998]. This architecture is
extended and improved in several aspects, the major one being extending the
system to deal with top-down influences and perform goal-directed search. A
detailed discussion on the delimitation to existing work follows in the respec-
tive chapters, here we present a short summary of the main contributions:

e Introduction of the computational attention system VOCUS which extends
and improves one of the standard approaches of computational attention
systems [Itti et al., 1998] by several aspects, ranging from implementation
details to conceptual revisions. These improvements enable a considerable
gain in performance and robustness (chapter 4, also published in [Mitri
et al., 2005, Frintrop et al., 2005¢, Frintrop et al., 2005b]).

e Presentation of a new top-down extension of VOCUS to enable goal-
directed search. Learning of target-specific properties as well as searching
for the target in a test scene are performed by the same attention sys-
tem. Detailed experiments and evaluations of the method illustrate the
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behavior of the system and demonstrate its robustness in various settings.
This is the main contribution of the monograph (chapter 5, also published
in [Frintrop et al., 2005a, Mitri et al., 2005, Frintrop et al., 2005b]).

e Extension of the attention model to enable operation on different sensor
modes. Application of the system to range and reflection data from a 3D
laser scanner and investigation of the advantages of the respective sensor
modes (chapter 6, also published in [Frintrop et al., 2005¢c, Frintrop et al.,
2003a, Frintrop et al., 2003b]).

e Combination of the attention system with a classifier that enables ob-
ject recognition. Evaluation of the time and quality performance that is
achieved by combining the systems (chapter 7, also published in [Frintrop
et al., 2004b, Frintrop et al., 2004a, Mitri et al., 2005]).

Several aspects of these contributions have been done in cooperation with
some of my colleagues: the data acquisition with the laser scanner (chapter
6 and 7) has been performed by Andreas Niichter and Hartmut Surmann.
The object recognition with the classifier (chapter 7) has been done in co-
operation with Andreas Niichter, Sara Mitri and Kai Pervolz. Some of the
experiments concerning goal-directed search (chapter 5) have been performed
by Uwe Weddige. Furthermore, many valuable hints and suggestions were
given by Joachim Hertzberg, Erich Rome, and Gerriet Backer.

1.4 Outline

The remainder of this monograph is structured into six chapters. The first
two are concerned with the psychological and neuro-scientific background of
visual attention (chapter 2) and with the state of the art of computational
attention systems (chapter 3), whereas the following four chapters each deal
with one of the main contributions of this work:

Chapter 4 introduces the computational attention system describing the
details that enable the computation of a region of interest. Particular emphasis
is placed on the improvements with respect to other systems and on the
discussion of how bottom-up systems of attention may be evaluated.

Chapter 5 elaborates on top-down influences as a new approach to bias
the processing of visual input according to the properties of a target object.
It is shown how these properties are learned from one or a small selection of
training images, and how the learned information is used to find the target in
a test scene. A wide variety of experiments on artificial as well as on real-world
scenes show the effectiveness of the system.

Chapter 6 examines the extension of VOCUS to several sensor modes.
The application of the attention system to range and reflection data from a
3D laser scanner illustrates how the information may be processed separately
and finally fused into a combined representation from which a single focus of
attention is computed. The advantages of each sensor mode are discussed and
the differences between saliencies in laser and camera data are highlighted.
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Chapter 7 combines the attention system with a fast and powerful classifier
to enable recognition on the region of interest. It is shown how the time
and quality performance improves when combining the two systems. Finally,
chapter 8 concludes the work by summarizing the main concepts, discussing
the strengths and limitations, and giving an outlook on future work.



