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Abstract

Goal-directed guidance of gaze control based on co-
ordinated task and stimulus parameters is essential for
steering a mobile cognitive system efficiently and au-
tonomously through the real world. This paper focuses
on coordination mechanisms of top-down and bottom-
up attentional allocation, with particular consideration
of the current local environment. The top-down atten-
tion selection in the task-space and the bottom-up atten-
tion selection in the image-space is evaluated and com-
bined using information theory. An information-based
scene context classification considering scene dynam-
ics is proposed to bias attention selection, which is the
main contribution of this paper. Experiments are con-
ducted to evaluate the performance.

1 Introduction

The eyes of humans and animals can shift very fast to
locate interesting parts of the scene. This cognitive pro-
cess of selectively concentrating on one aspect of the
environment while ignoring other things is called atten-
tion [1]. Studies about human visual perception show
that visual attention selection is affected by two distinct
types of attentional mechanisms: top-down and bottom-
up. Top-down signals are derived from the task speci-
fication, while bottom-up signals are caused by salient
stimuli. In addition, the familiarity of the current con-
text also influences attention selection behavior [2].

How to apply the human visual attention selection
model on a mobile robot has become an intensively
investigated research field. An active vision system
should autonomously plan the robot’s view direction
not only based on a specific task but also for stimulus-
based exploration of unknown real-world environment
to collect more information. A fundamental question is
how a robot selects its visual attention according to its
tasks and considering the context.

In the robotics domain a variety of approaches to
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been already proposed. Most concepts are based on pre-
defined robot tasks and in a top-down way [3][4].

In the last few years, bottom-up saliency based atten-
tion selection models have also become focus of robot
view direction planning. One of the standard compu-
tational models is proposed in [5]. In this saliency map
model the salient positions in a static image are selected
by low-level features. The saliency map predicts the
bottom-up based visual attention allocation.

By now, the top-down and the bottom-up attention
selections are only combined in the 2D image-space.
In [6] a visual attention-based approach is proposed for
robot navigation. The trajectory lengths of the salient
scene locations are considered as a criterion for good
environment landmarks. In [7] a biologically motivated
computational attention system VOCUS is introduced,
which has two operation modes: the exploration mode
based on strong contrasts and uniqueness of a feature
and the search mode using previously learned infor-
mation of a target object to bias the saliency compu-
tations with respect to the target. However, in most
cases the top-down factors only bias the weights of dif-
ferent saliency map computation channels. In addition,
the task accomplishment is evaluated in the image space
which can only contain information which are currently
located in the field of view, although the performance
evaluation in the robotics domain is usually conducted
in the task-space. By now, no dynamic context-based
behavior adaptation has been considered, yet.

To solve this context-based attention selection prob-
lem, we propose a view direction planning strategy for
mobile robots based on information theory. It combines
the top-down effect in the task-space and the bottom-
up effect in the image-space. Moreover, the current
scene context is classified into chaotic context and non-
chaotic context based on scene dynamics. The robot be-
havior, i.e. the choice of attention selection mechanism,
should be adaptive to the current context.

This paper is organized as follows: In Section 2, the
proposed view direction planning strategy is presented.
In Section 3, some experiments and results are shown
and discussed. Conclusions are given in Section 4.






For the temporal novelty we apply a Bayesian defi-
nition for the information content of an image directly
on the saliency map. The notion “surprise” is used here
to indicate the unexpected events. Only the positions
spatially salient and temporally surprising are taken to
draw the robot’s attention. We build a surprise map on
two consecutive saliency maps without camera move-
ment to find the unexpected events (see Fig. 3).

input image 1 saliency map 1
surprise map
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Figure 3. The surprise map generation

To achieve this, we model the data D received from
the saliency map as Poisson distribution M (A(x;,y;)),
where A(x;,y;) stands for the saliency value of the
pixel (z;,y;). Therefore, a prior probability distribu-
tion p;(x;,y;) can be defined as a Gamma probability
density [8] for the i-th pixel:
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with the shape a > 0, the inverse scale 3 > 0, and T'(+)
the Euler Gamma function.

The posterior probability distribution p((x;,y;)| D)
is obtained from the 2. saliency map with the new
saliency value X' (z;,y;). The parameters  and (3 are
supposed to change into o and B/, while
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with a forgetting factor £, 0 < £ < 1.
Then, the surprise map with surprise value 7 is esti-
mated as the KL-divergence as follows:

T(xi,yi) = KL(pi(24, yi)|pi (x4, y:| D)). ©

The predicted information gain is then quantified as
the KL-divergence of the prior and the predicted esti-
mated posterior probability distributions over all the in-
teresting pixels in the surprise map.
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where P and Q are the normalized prior and the pre-
dicted posterior probability mass functions (pmf) with

discrete variables: the pixel indexes z;, y;, and the sur-
prise value 7 of the pixel (x;, y;) as well as the weight-
ing factor d indicating the distance between the pixel
(x4,y;) and the image center of the camera lens.

2.4 Context classification

In the case that the robot has no previous knowledge
about the situation, we try to determine the scene con-
text considering the current scene dynamics.

Firstly, we consider the static environment as non-
chaotic environment for the robot and the dynamic en-
vironment as chaotic environment because of changes
and danger caused the moving objects. Therefore, we
compute the motion maps and their histograms for three
successive input images firstly.
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Figure 4. Context chaos degree s
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Each normalized histogram of motion map can be
regarded as a discrete distribution. Because the percep-
tion of humans is expectation-based, we calculated the
relative entropy s of the histograms of the two consec-
utive motion maps as the chaos degree of the context.
The larger s is, the more chaotic is the current context.
A threshold S should be experimentally specified and
applied to determine the weighting factor v(s).

3 Experiments and Results

To evaluate the performance of our view direction
planning strategy, the following experiments were con-
ducted. Firstly, four different scenes are investigated to
calculate the chaos degree threshold S. Then, experi-
ments in a robot locomotion scenario are conducted to
concurrently accomplish self localization task and de-
tect surprising events in the environment.

3.1 Context investigation

—

chaos degree 0.0526 0.0473 0.1231 0.1761

Figure 5. The chaos degree investigation



We gathered four different scenes, shown in Fig. 5,
and calculated their chaos degrees s.

scene 1: a floor with no moving objects present
scene 2: a square with crowded people

scene 3: a floor with people suddenly appearing
scene 4: a street with a vehicle moving very fast

The rows show the consecutive time steps k—2, k—1
and k at a frame rate of 30fps. It is obvious that the con-
text almost does not change in the first scene. There-
fore, the chaos degree is very small, namely 0.0526. In
comparison to the first scene, in the scene 4 the environ-
ment changes very much because of the vehicle move-
ment. Hence, the chaos degree in this context is large,
namely 0.1761. For the second scene we have obtained
a small chaos degree, namely 0.0473, because the scene
dynamics change is relatively small although there is
motion. This context can be regarded as an non-chaotic
context, since no surprise exists. In the third scene the
chaos degree is large, because a person entered sud-
denly into the field of view. Therefore, the scene dy-
namics change is relatively large. For the further exper-
iments we set S equal 0.1.

3.2 Experiment in a robot navigation scenario
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Figure 6. Result of view direction planning

The experiments were executed in a corridor. A mo-
bile platform moved from the start point (0, 1.25)m to
(5.0, 1.25)m straight forward. About every 0.5m a view
direction planning was executed and an optimal view
direction was applied for the next 0.5m. Three mea-
surements for position estimation were executed at each
time. We defined the view direction 2 as the angle
between the locomotion direction and the camera op-
tical axis in the horizontal plane. At the start point (0,
1.25)m the camera had an initial view direction 0°. The
task which the robot accomplished was self-localization
facilitated by the artificial landmarks mounted on the
wall. To achieve real-time ability, we implemented the
saliency map generation on 4 GPUs (NVIDIA GeForce
8800 graphics cards) and the processing ran at a frame
rate of 30 fps at resolution of 640x480 in real time.

Fig. 6 illustrates an image sequence with the op-
timal view directions during the locomotion (left) and
the robot position estimation result (right). The blue
points (right) are the positions provided by the odome-
ters, while the red points with the red ellipses are the
image-based position estimations with the covariance
ellipses which indicate how certain the estimations are.

Without suprising event (row 1) the robot planned its
view direction towards the task-relevant information —
the landmarks and the ego-motion estimation error is
about 0.054m in X-direction and 0.02m in Y-direction.
With a suprising event (row 2)— a human entering into
the field of view— the camera planned its view direction
based on bottom-up attention, tried to locate the surpris-
ing event in the environment and changed its view direc-
tion from 50° to 10°. The position estimation error is
0.064m and 0.033m in X- and Y-direction. The covari-
ance is also larger than that computed in an non-chaotic
environment. It is clear that the ego-motion estimation
using top-down view direction planning is more accu-
rate, because the attention is directed to the landmarks.
Nevertheless, the surprising event in the environment
should also attract the robot’s attention considering en-
vironment exploration and safety.

4 Conclusions

In this paper an information-based gaze control
adaptation on scene context for mobile robots is pre-
sented. The optimal view direction should deliver a
maximum information gain, which is predicted using
the relative entropy/Kullback-Leibler divergence in the
task-relevant task-space as well as in the stimulus-based
image-space, respectively. Using the proposed strategy,
the top-down and the bottom-up visual attention of mo-
bile robots are combined in a way that a context-based
behavior adaptation is achieved. The awareness of en-
vironments and safety is also improved.
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