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1 INTRODUCTION 1

1 Introduction

2 Efficient Visual-Sensor processing by Attention Systems

When dealing with complex sensor data as received by cameras and 3D laser scanners the
processing amount is computationally high. This is one of the biggest problems in dealing
with such sensors. To enable efficient processing it is helpful to concentrate on regions of
interest in the sensor data. One approach for the detection of such regions is the modeling
of human visual attention. In human vision, attention helps to identify regions of relevant
data and scan these regions sequentially with saccades.

Computational attention systems use psychological and neurobiological findings for the
computation of regions of interest (see section 2.1). One approach of such systems is to
compute different features like intensity, color and orientations in parallel by linear filters,
detecting conspicuous points in each feature channel. These conspicuities are collected in a
single saliency map, topographically coding the saliency of the environment. Sequentially
moving the focus of attention to the most salient parts in this map enables to select regions
of potential interest and to focus processing to these parts.

Currently, existing attention systems are restricted to the processing of camera data
whereas data from other sensors is not considered. This is in contrast to human percep-
tion, where information of different senses is fused and a combined focus of attention is
generated. As a new approach, in this project we want to integrate data from multiple
sensors - camera, 3D laser scanner, manipulation sensor - to enable the utilization of their
respective advantages.

Another lack of existing systems is that they usually work only bottom-up. That
means, the approach is purely data-driven and only objects with strong features imme-
diatly popping out from their environment can be detected. Top-down attention, i.e.,
influencing the saliency of special regions by task dependend hints, is still rarely consid-
ered in psychological and neurobiological research as well as in computational systems.
Recently, some groups started research concerning this topic (see section 2.1) but many
questions are still open. The further examination of top-down attention and the integra-
tion into the system will be an important part in this project.

2.1 State of the Art

Concerning visual attention, most research has so far been done in the field of bottom-up
processing (in psychology [TG80; Wol94], neuro-biology [CS02; Pal99] and computer vision
[KU85; IKN98; BMB01; SF03]). Bottom-up attention is merely data-driven and finds re-
gions that attract the attention automatically, e.g., a black sheep in a white flock. Koch &
Ullman [KU85] described the first explicit computational architecture for bottom-up visual
attention. It is strongly influenced by Treisman’s feature-integration theory [TG80] and al-
ready contains the main properties of many current visual attention systems, e.g., the one
by Itti et al. [IKN98] or [BMB01; SF03]. These systems use classical linear filter operations
for feature extraction, rendering them especially useful for real-world scenes. Another ap-
proach is provided by models consisting of a pyramidal neural processing architecture,
e.g., the selective tuning model by Tsotsos et al. [TCW+95]. We presented in [FNS04;
FRNS05; FNSH04; MFP+05; Fri05] the bottom-up part of our attention system VOCUS
which is based on a standard architecture [IKN98] but differs in several aspects yielding a
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considerably improved performance (see section 2.2).
While much less analyzed, there is strong neurobiological and psychophysical evi-

dence for top-down influences modifying early visual processing in the brain due to pre-
knowledge, motivations, and goals [Yar69; CS02; WHK+04]. However, only a few com-
putational attention models integrate top-down information. The earliest approach is the
guided search model by Wolfe [Wol94], a result of his psychological investigations of human
visual search. Tsotsos’ system considers feature channels separately and uses inhibition
for regions of a specified location or those that do not fit the target features [TCW+95].
Schill et al. [SUB+01] use top-down information from a knowledge-base to select actual
fixations from the fixation candidates determined by a bottom-up system. In their system,
the computation of the bottom-up features is not influenced by the top-down information.
Hamker performs visual search on selected images but without considering the target back-
ground [Ham04]. The closest related work is presented by Navalpakkam et al. [NRI05];
however, the region to learn is not determined automatically and exciting and inhibiting
cues as well as bottom-up and top-down cues are not separated. Furthermore, quality and
robustness of the system are not shown. To our knowledge, there exists no complete, well
investigated system of top-down visual attention comparable to our approach.

Applications of computational attention systems are usually found in the fields of
computer vision and robotics. In computer vision, most work has been done in the field of
object recognition: A (usually bottom-up) attention system detects regions of interest and
a classifier recognizes the content of the region [MPI01; WRKP04; SAA02; Oue03]. As a
new approach, we presented in [MFP+05; Fri05] the combination of a top-down modulated
attention system with classification. A different view on attention for object recognition is
to determine discriminative regions of interest in objects [FSP04; PE99]. Other application
scenarios in computer vision can be found in the fields of image compression [OBH+01],
image matching [FB03]., image segmentation [OAHE02; OH03], object tracking [OH04]

or active vision [MBHS99; Bol99; VCSS01; CF89; DPC98].
In the field of robotics, applications of computational attention systems are found

for example in human-robot interaction [Bre99; HRB+04; Rae00], in object manipulation
[TVS+98; BHJ+99; Rae00], in navigation [BP97; SE97] and in localization [NJW+98;
OH04].

The use of attention in the combination with affordances has to our knowledge not yet
been done.

2.2 The Visual Attention System VOCUS

The computational attention system that shall be used in MACS is the system VOCUS
(Visual Object detection with a CompUtational attention System). It was already intro-
duced in [Fri05; FRNS05; MFP+05; FBR05a; FBR05b; FNSH04]. A complete overview is
best obtained from [Fri05].

VOCUS consists of a bottom-up part computing data-driven saliency and a top-down
part enabling goal-directed search. Global saliency is determined from both cues. An
overview of the system is given in Fig. 1.

2.2.1 Bottom-up saliency

VOCUS’ bottom-up part detects salient image regions by using image contrasts and
uniqueness of a feature, e.g., a red ball on green grass. It was inspired by Itti et al.
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Feature weights
intensity on/off 0.001
intensity off/on 9.616
orientation 0 ◦ 4.839
orientation 45 ◦ 9.226
orientation 90 ◦ 2.986
orientation 135 ◦ 8.374
color green 76.572
color blue 4.709
color red 0.009
color yellow 0.040
conspicuity I 6.038
conspicuity O 5.350
conspicuity C 12.312

Figure 1: The goal-directed visual attention system with a bottom-up part (left) and a
top-down part (right). In learning mode, target weights are learned (blue arrows). These
are used in search mode (red arrows). Right: weights for target name plate.

[IKN98] but differs in several aspects resulting in considerably improved performance
(see [Fri05]). The feature computations are performed on 3 different scales using im-
age pyramids. The feature intensity is computed by center-surround mechanisms ex-
tracting intensity differences between image regions and their surroundings, similar to
the on-center and off-center ganglion cells in the human visual system [Pal99]. In con-
trast to [IKN98], we compute on-off and off-on contrasts separately [Fri05; FBR05b;
FRNS05]; after summing up the scales, this yields 2 intensity maps. Similar, 4 orien-
tation maps (0 ◦, 45 ◦, 90 ◦, 135 ◦) are computed by Gabor filters and 4 color maps (green,
blue, red, yellow) by first converting the RGB image into the Lab color space, second
determining the distance of the pixel color to the prototype color (the red map shows
high activations for red regions and small ones for green regions) and third, applying
center-surround mechanisms. Each feature map X is weighted with the uniqueness weight
W(X) = X/

√
m, where m is the number of local maxima that exceed a threshold t. This

weighting is essential since it emphasizes important maps with few peaks, enabling the de-
tection of pop-outs (outliers). After weighting, the maps are summed up to the bottom-up
saliency map Sbu.

2.2.2 Top-down saliency

To perform visual search, VOCUS first computes target-specific weights (learning mode)
and, second, uses these weights to adjust the saliency computations according to the target
(search mode). We call this target-specific saliency top-down saliency.

2.2.2.1 Learning mode. In learning mode, VOCUS is provided with a training image
and coordinates of a region of interest (ROI) that includes the target. The region might be
the output of a classifier specifying the target or determined manually by the user. Then,
the system computes the bottom-up saliency map and the most salient region (MSR)
inside the ROI. So, VOCUS is able to decide autonomously what is important in a ROI,
concentrating on parts that are most salient and disregarding the background or less salient
parts. Note that this makes VOCUS also robust to small changes of the ROI coordinates.
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(a) Test image           (b) Excitation map         (c) Inhibition map         (d) Top-down map

Figure 2: A typical schematic test display (a) as being used in perceptual psychology was
put into VOCUS. Some maps (b–d) of the search for the cyan vertical bar (5th in last
row). The bar region is highlighted in the excitation map but the green bar shows even
more activation. Only the inhibition of the green bar enables the highest activation of
cyan in the top-down map.

Next, weights are determined for the feature and conspicuity maps, indicating how
important a feature is for the target. The weight wi for map Xi is the ratio of the
mean saliency in the target region m(MSR) and in the background m(image−MSR): wi =
m(MSR)/m(image−MSR) where i ∈ {1, ..., 13}. This computation does not only consider
which features are the strongest in the target region, it also regards which features separate
the region best from the rest of the image.

The learning of weights from one single training image yields good results if the target
object occurs in all test images in a similar way, i.e., on a similar background and in
a similar orientation. These conditions occur if the objects are fixed elements of the
environment, e.g. fire extinguishers. Nevertheless, for movable objects it is necessary to
learn from several training images which features are stable and which are not. This is
done by determining the average weights from n training images using the geometric mean

of the weights, i.e., wi,(1..n) = n

√

∏n
j=1 wi,j. Instead of using all images from the training set,

we choose the most suitable ones: first, the weights from one training image are applied to
the training set, next, the image with the worst detection results is taken and the average
weights from both images are computed. This procedure is repeated iteratively as long as
the performance increases (details in [Fri05; FBR05b]).

2.2.2.2 Search mode. In search mode, we determine a top-down saliency map that
is integrated with the bottom-up map to yield global saliency. The top-down map itself is
composed of an excitation and an inhibition map. The excitation map E is the weighted
sum of all feature and conspicuity maps Xi that are important for the learned region, i.e.,
wi > 1. The inhibition map I shows the features more present in the background than in
the target region, i.e., wi < 1:

E =
∑

i(wi ∗ Xi) ∀i : wi > 1
I =

∑

i((1/wi) ∗ Xi) ∀i : wi < 1
(1)

The top-down saliency map Std results from the difference of E and I and a clipping of
negative values: Std = E − I. To make Std comparable to Sbu, it is normalized to the
same range. I, E, and Std are depicted in Fig. 2, showing that the excitation map as well
as the inhibition map have an important influence.



3 ATTENTION GUIDED EXPLORATION AND SEARCH OF AFFORDANCES 5

The global saliency map S is the weighted sum of Sbu and Std. The contribution of each
map is adjusted by the top-down factor t ∈ [0..1]: S = (1 − t) ∗ Sbu + t ∗ Std. For t = 1,
VOCUS considers only target-relevant features (pure top-down). For a lower t, salient
bottom-up cues may divert the focus of attention, an important mechanism in human
attention: a person suddenly entering a room immediately catches our attention. Also
colored cues divert the search for non-colored objects as shown in [The04]. Determining
appropriate values for t depends on the system state, the environment and the current
task; this is beyond the scope of this article and will be tackled when integrating our
attention system into robotic applications.

After the computation of the global saliency map S, the most salient region is deter-
mined by region growing starting with the maximum of S. Finally, the focus of attention
(FOA) is directed to this region. To compute the next FOA, this region is inhibited and
the selection process is repeated.

3 Attention guided Exploration and Search of Affordances

In order to not drown in perceptions and affordances, a mechanisms is needed to select
the relevant parts from the input data.

VOCUS provides the selection mechanism to extract relevant regions. As we mentioned
it before, such an extraction process can be based on a bottom-up or a top-down saliency.

With respect to an affordance guided robot-environment interaction we utilize the
extraction mechanisms of VOCUS to let the robot run in two modes: exploration and
search mode.

3.1 Exploration mode

In the exploration mode, VOCUS provides regions that might be of potential interest and
that shall be investigated further by the robot, no matter which saliency (top-down or
bottom-up) is used.

Due to the outcome of a specific interaction with an object in the selected region of
interest, the features of the region can be linked to specific affordances. Basically, VOCUS
delivers regions of interests. Additional features or feature qualities of the selected region
can be derived by several other methods too, e.g. SIFT. Hence, an affordance of an object
can be described by different feature qualities.

On the other hand, a feature quality can describe different affordances. An affordance
is determined by the outcome of a specific robot-object interaction. If another interaction
is applied then another affordances may be evaluated.

In such a way, the selected regions of interests deliver many concrete examples of
robot-object interactions. These examples can be represented as concrete instances of an
affordance and feature relation.

A generalization of these concrete relations can be generated by decision trees, as they
are introduced in Deliverable 3.1.2. One decision tree represents a hypothesis about a
relation between a specific affordance and feature qualities.

One may view a knowledge base of a robot as a set of different decision tress. Each
affordance is represented by one tree. The set of trees is incrementally built up through
the VOCUS guided robot-environment interaction.
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feature detection
on selected region
(object)
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Figure 3: Schema of the generation of a set of decision trees utilized to represent hypotheses
about specific affordance-feature relations. These relations can base on different sensor
qualities (camera, laser) and different feature classes derived by different methods (e.g.
VOCUS, SIFT).

A decision tree can base on features derived by all available vision methods (VOCUS,
SIFTS, etc.) or can base exclusively on features provided by a single method. The latter
type we call a local and the former a global decision tree.

Furthermore, one may consider feature detection based on other sensor qualities than
the camera images which VOCUS is using for its selection process. In our case, SIFT
and VOCUS features can be derived from each sensor mode, and all these sensory data
can be represented as 2-dimensional images. Hence, Laser data (representing proximity,
brightness as grey value images) can be used by VOCUS in the same way as camera
images.

To sum up, in the exploration mode the knowledge base of the robot can be built-up
with multi-sensor data as well as multi-modal because decision trees can be generated
from different feature qualities as well as from different sensor qualities (Fig. 3).

3.2 Search mode

Once a set of decision trees is established, they can be used to extract specific features of
objects and regions which may provide the corresponding affordance.

Assume a task the robot has to solve. For this task objects offering a specific affordance
are needed. The corresponding decision tree contains the values of the VOCUS features
which are associated with the needed affordance. Hence, if the top-down saliency of
VOCUS is initialized with these values then VOCUS delivers image regions containing
those features. Hence, the selected object / region offers the required affordance.

The selected region could be further evaluated with respect to other features or sensor
qualities. That possibility of multi-modal and multi-sensor evaluation of an object for a
given affordance increases the robustness of the robot interaction, since wrong assumptions
about the object-affordance relation become less probable.

But there may be situations where a derived object-affordance relation is wrong. In
such a case the supposed outcome of the robot-object interaction fails at a certain point.
Such a failure can be used in two ways. It may initiate an adaptation of the knowledge
base, i.e. the corresponding decision tree. On the other hand, it can simply initiate a
new selection of other VOCUS feature values from the corresponding decision tree. These
values lead to new regions of interests containing objects, which may have the needed
affordance.



4 SUMMARY AND OUTLOOK 7

3.3 Learning attention patterns

In an affordance analysis setup that would be even more complex than the one described
above, one could consider to focus attention not only on a single region but even on
any set of regions in the field of view. These regions can make up a specific pattern of
geometrically related local features that would themselves provide the opportunity to cue
to any considerable affordance relation determined by the physical interaction of the robot
with the environment. A methodology to tackle the discrimination of attention patterns by
means of sequential analysis of attended regions has been described in Deliverable D5.2.1,
Section 3.2. Within that Section, the learning of relevant attention patterns is outlined in
a mathematical framework of Markov decision processes (MDP, POMDP).

It is planned to integrate the sequential attention framework into the VOCUS system
in order to take advantage of attending to more complex affordance cues within future
work.

4 Summary and Outlook

In this document we have specified how an autonomous robot can build-up a knowledge
base of object-affordance relations due to its interaction within its environment. The
knowledge base is represented by a set of decision trees. One decision tree can contain
multi-sensor data and features derived by several feature detection methods. The “knowl-
edge acquisition” is driven by the attention system VOCUS as well as VOCUS is utilized
to select appropriate objects / regions once a specific affordance is needed.

To demonstrate the attention driven knowledge acquisition we integrate the camera,
laser scanner and other features detection methods in a general software framework.

Furthermore, we test the performance of affordance cueing (Deliverable 3.1.2 Affor-
dance recognition from visual cues) extended by the VOCUS features.

As a first proof of concept, we initialize a robot with a knowledge base and pre-selected
affordances and let that system run in the search mode. Depending on which affordance
is selected the robot should approach different objects / regions.

Finally, we apply the exploration mode to a simple scenario, started with bottom-up
saliency and evaluate the resulting set of decision trees.
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[FNSH04] Simone Frintrop, Andreas Nüchter, Hartmut Surmann, and Joachim
Hertzberg. Saliency-based object recognition in 3D data. In Proc. of the In-
ternational Conference on Intelligent Robots and Systems (IROS ’04), pages
2167 – 2172, Conference: Sendai, Japan, September 2004.

[Fri05] Simone Frintrop. VOCUS: A Visual Attention System for Object Detection
and Goal-directed Search. PhD thesis, University of Bonn, Germany, to appear
2005.



REFERENCES 9

[FRNS05] Simone Frintrop, Erich Rome, Andreas Nüchter, and Hartmut Surmann. A bi-
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