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Abstract. This paper presents an active vision approach to enhance
mobile robot localization. A particle filter localization is extended with
a module to find active vision decisions that are optimal based on the
current localization and its uncertainty. Optimality is expressed as a
criterion of entropy minimization. Further approximations are introduced
to enable real-time computation. Both the usefulness of the presented
approach in a RoboCup scenario and the performance and quality of the
approximations are evaluated in different static and dynamic situations.

1 Introduction

Knowing their own position relative to the environment and certain points of
interest is essential for mobile robots to autonomously achieve their tasks. Ap-
proaches focusing on localization exclusively are called passive localization, i.e.
they address the position estimation based on an incoming stream of sensor data
that can not be influenced. Solutions based on Kalman filters, particle filters and
combinations and extensions thereof are numerous and common in this field. A
comprehensive overview is given in [I]. Active localization instead implies the
interaction of the localization process with the control of the robot. Examples
for control or influence of the whole navigation process are coastal navigation
algorithms where the localization uncertainty is anticipated and taken into ac-
count for path planning [2]. The more complex the robot’s task is, however,
the more problematic to include localization quality as an additional criterion
into the general planning processes for achieving the given task. A common
trade-off is to allow (partial) control over the information gathering process, e.g.
viewpoint and orientation of directed sensing devices, while leaving the naviga-
tion decisions unaffected. In case of imaging sensors this belongs to the field of
active vision.

Active vision in general refers to actuated camera systems with a task-oriented
control of the camera movement. This might be staying on target or automati-
cally choosing regions of interest for tracking or surveillance applications [3] or
fixating on particular objects in remote collaboration scenarios [4].

Active vision for localization tasks means to move the camera with regard
to the expected information gain. Therefore it is necessary to specify such in-
formation gain, to infer which observations would improve knowledge the most,
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and estimate the result of different actions based on possibly multi-modal local-
ization belief states. Previous work exists for different fields of application. The
approaches depend on the range of possible actions, the types of observations
and the representations of the localization belief [GJ6I7].

This paper presents the application of an approach similar to [§] to a humanoid
robot with directed vision in the context of a known environment with mainly
ambiguous landmarks. First, the underlying localization is described briefly to-
gether with concepts for the measurement and estimation of localization quality
to infer expected information gains. Modeling of the environment and sensors is
necessary to reason about expected results of selected actions. Furthermore the
algorithm to find optimal active vision decisions is described in detail including
necessary discretization and adaptations for real-time processing on platforms
with restrictive resources. Our approach differs from [§] in the underlying lo-
calization approach of a particle filter instead of a grid localization and the use
of directed vision instead of an array of sonar sensors, which therefore results
in different adaptations and approximations for an efficient implementation. Fi-
nally the performance both in static and dynamic situations is evaluated and a
conclusion is given.

2 Modeling

The computation of an optimal active vision decision depends on the localization
task and its belief representation, the actions to choose from and the estimation
of their outcomes. The latter involves using knowledge about environment and
sensors to first predict observations given a localization belief state and then
predict their influence on said belief state. Those predictions obviously depend
on the underlying localization approach and models of environment and sensors.
This will be described briefly in the following sections.

2.1 Localization

The task of (passive) localization consists of the estimation of the robot’s loca-
tion relative to a known map given a stream of sensor and control information,
Yi,-.-,ys and wq,...,us, respectively. Global in contrast to local localization
assumes no a-priori knowledge about the initial position xg. The current belief
state of a robot’s localization is therefore given by

bel(zy) = p(xi|ua, yi:e) (1)

and the posterior prior to incorporating the latest observation y;, the so called
prediction, is
bel(xt) = p(@e|ut:e, Yr:e—1)- (2)

Having to work on the whole collection of sensor and control data from all
previous time steps results in complexity and needed memory increasing with
time. The Markov assumption of a complete representation of the state xz;_1 at
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the last time step t — 1 allows the estimation of the current state x; based on this
last state and the current control input u; only. The recursive state estimation
of the Bayes filter is then given by

bel(xzy) = /p(xt\ut,xt,l) bel(xi—1) dxi_q (3)
btz = Py = ol el @

with 7 normalizing the belief to add up to 1. The state transition p(a¢|us, z1—1)
and the measurement probability p(y:|x:) depend on the given task, in case of
localization on the ropbot’s odometry and kinematic model and its sensor model.
The actual implementation of equations [3] and [ depends on the representation

of bel(xy).
In case of particle filters the belief is given as a set of particles or hypotheses
X, =}, 22, ..., 27 representing the distribution

y o p(ae|uree, Y1) (5)

2.2 Entropy of Belief States

To evaluate effects of possible actions it is necessary to specify criteria for the
usefulness of their result. With respect to localization this refers to the quality
of the belief state. Without knowledge about the robot’s real position it is only
possible to judge the belief state’s uncertainty, i.e. the covariance matrix in case
of an unimodal Gaussian distribution for Kalman filters. A common measure for
this is the entropy.

Entropy H(X) is defined as the expected information content

H(X) = - / p(a) log p(z)de. (6)

with p(z)log p(x) = 0 for p(x) = 0. This allows to compute a single scalar value
as a measure for the uncertainty of a given probability distribution. Obviously
for a distribution which is non-zero only at a single point, i.e. a gaussian with
zero variance or a Dirac delta function, the entropy H(X) = 0. For a uniform
distribution on the other hand the entropy is maximal.

In case of a probability distribution given as a particle set the analogy of this
concept to thermodynamic entropy is obvious. For computing it using equation[d
the value of p(z) can be extracted from the local particle density relative to the
overall number of particles.

3 Active Vision Decision Finding

Choosing an action in active vision means to choose where to point the camera.
This is comparatively easy as long as the robot’s (or the camera’s) position is
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known. A naive approach would be to choose a feature from the map, e.g. the
most descriptive or the closest, and to point the camera in the direction of the
expected position. While this might still work as long as the belief distribution
is concentrated close to the true robot pose, it becomes less effective once the
distribution is less certain or even multi-modal.

The following section describes the computation of an optimal active vision
decision under uncertain belief distributions.

3.1 The Optimal Action

To choose an optimal action for a given localization belief state, it is necessary
to evaluate the profit of every possible candidate. For every action the probable
observations need to be computed, their influence on the belief state inferred
and the result evaluated. The presented approach is based on and follows the
outline of [§].

In general possible actions might be simple motor commands to position sen-
sors, short motion sequences or complex actions like navigation commands to
move the robot to certain positions. In the following every action w; from the
set of possible actions U = uq,us,...,u, will be considered atomic and con-
sequences will only be considered for the complete execution of an action. The
notation of w is identical to the control data in section 2] since the following
holds for robot actions in general. The specific application to active vision is re-
ferred to in sections to 3.4l The presented approach always chooses the best
action based on the immediate benefit and can thus be characterized as greedy.

Section illustrates the relationship between entropy and uncertainty. The
optimal action uep: for a given belief X; is the one minimizing the entropy
H(Xiq1|topt, ye+1) of the belief X, after execution of u,p: and incorporation
of the observation y;; resulting from this action (see equation [).

Uopt = argnUlin H(Xt-l,-l |u7 yt-i-l) (7>
ue

The terminology here is that only one observation is made at any time, but this
single observation might include measurements of a various number of landmarks
or features. This observation y;11, however, can only be predicted with certainty
if the true position is known. An uncertain position given as a probability distri-
bution only allows a decision based on the expected entropy of the next belief,
as shown in equation [8

Uopt = argmin E[H (X1 |u)] (8)
uelU

Computing this expected entropy necessitates the simulation of all possible ob-
servations y.11 for a given action. Depending on the complexity of the obser-
vation’s representation and the sensing process, generating the observations can
be based on recorded data as in [5] or [6]. For laser or sonar sensors this might
be done using the known environment model and ray-casting operations [7] or a
simple visibility simulation for cameras.
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Let p(z) from equation [6 be represented by bel(x) and let p(yiy1|u) be the
probability of observing 341 after executing u. Then the expected entropy can
be calculated as follows using equations [6] and Mk

E[H(X¢41|u)]
= /p(ytH\U) H(Xep1|u, Y1) dyesa 9)
=- //P(ywl‘u) bel(ziy1) logbel(wiy1) drey1dysia (10)
P(Y+1|ze41) bel(z441)
= u
- [t P
bel
log P(Yit1]Te41) bel(zi41) e ndypss (1)
P(Yt+1|u)
T bel(x
= - //P(ytﬂ\xtﬂ) bel(z¢41) log Pera|ze) bel (1) deip1dyivr. (12)
P(Ye+1]w)

By inclusion of bel(z:4+1) possible movements of the robot are already consid-
ered. If u includes motion controls then choosing those according to equation [I2]
results in navigation optimizing the robot’s localization. If u includes only such
commands without influence on the state z; then those can be controlled to op-
timize localization without interfering with the robot’s task-oriented navigation.
When u has no influence on x4 as in active vision then bel(x;1) is the same for
all u and needs to be computed only once. In the case that the difference between
x; and z;41 can be neglected, i.e. the robot’s motion during this time is small,
further simplification is possible resulting in equation [[3] omitting calculation of
the process model.

P(Yer1|xe) bel(x
E[H(Xt+1\u // yt—&—l‘mt b@l(l‘t) log ( s ‘ t) ( t) d(I}tdyt+1 (13)
P(ye+1lu)
Actions may also vary in necessary effort so that their costs need to be con-
sidered. This is done by weighted addition to the term to be minimized in
equation [8

3.2 Discretization

The integrals in equations [I2] or [[3] can not be computed in closed form for any
non-trivial applications. Discretization is necessary at certain points to allow the
computation of those terms.

A first step is obvious for the application of a particle filter. Let xi_H € Xi41
be a particle from the set X; after applying u, then equation [[2] becomes

E[H(X41]u)]

n 2 7
4 P(Ye+1lrir) Py |w)
- / S p(ges1]7t 1) plotyy u) log o) POl g (g
Pt P(yesafu)
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In this case p(z}, ;|u) can not be inferred from a single particle but from the lo-
cal particle density around it. A working particle localization normally tends to
result in few areas with high probability after a certain time. A further approx-
imation might concentrate on those particle clusters and use average positions
computed from these subsets instead of all particles separately which lowers the
computational cost at least by an order of magnitude and provides the needed
local particle density at the same time.

Discretization of the observations can not be motivated by the particle fil-
ter concept but depends on the sensor type and the possible observations to
be made. For vision based perception those observations are commonly recog-
nized landmarks. A complete enumeration of all possible observations would
need to account for all landmarks with all possible distances and bearings which
is clearly not practical. To avoid the generation of many observations whose
measurement probability is near zero for the current belief an alternative is the
simulation of observations for all position hypotheses given by the particle set
or the chosen position discretization. This generates a number of observations in
the order of the number of landmarks times the amount of position hypotheses.
This discretization step results in

m n J % i
BIHXuho)] = = 33 plhilris) plat ) log PV P ) P 1)
j=1i=1 P(ytﬂ‘u)
(15)
or o ; ' _
E[H (X141 |u)] Zzp yt+1|xt xt) log p(yt+1|j33t)p(l‘t) (16)
j=1i=1 p(yt-&-l‘u)

for the case that the robot’s motion can be neglected.

Finally the actions to be evaluated in equation [8 need to be enumerated. In
case of active vision these are motor commands for all possible pan and tilt
angles to control the camera’s field of view. Since it is not possible to process
this search space in any more efficient way than to do a complete evaluation the
chosen discretization is essential for real-time computation.

3.3 Decision Computation

Based on the considerations of the previous sections it is possible to compute
the optimal action according to equation Bl In algorithm [I the belief bel(x:)
is given as a set of particles X; and the optimal action @,y out of the set of
possible actions U is calculated under the assumption of negligible robot motion
according to equation

Note that the expression of ||| /|| X¢|| for the term p(i!) is only valid for
clusters representing equally sized volumes of state space, e.g. in case of a regu-
lar grid or similar clustering techniques, and when all particles are represented
exactly once. The probability p(yﬁ_ﬂii) in line [[4] is the measurement proba-
bility in section 2] and p(yy,|u) from line [[Hl is equivalent to the normalizing
factor 1 in equation [ and can be determined by
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Algorithm 1. Active localization by entropy minimization
Input: particle set X, set of possible actions U

1 Hpin =00

2 Generate a set of clusters X; from X
3 foreach X/ € X, do

4 Calculate average &: of all xi € X
5 end

6 foreach u € U do

7 foreach XZ € X; do

8 Generate observation y:11 based on j’c§ and u
9 Yu = Yu @] Yi+1
10 end
11 h=0
12 foreach yf_,.l cY, do
13 foreach Xf € X; do
14 9 = (Y| ) - (| /11Xl
15 h=h— g log(g/p(yit1|u))
16 end
17 end

18 if h < H,nin then

19 Hpmin =h
20 Uopt = U
21 end
22 end

23 return uept

n

p(yfialu) =D p(yr|&) bel(E). (17)

i=1

This implies the advantage of precomputing all probabilities and their sum before
computing the entropy, which was omitted here for clarity.

3.4 Adaptations for Real-Time Processing

The use of clusters instead of separate particles both for the generation of obser-
vations and the evaluation of their effect as introduced in the previous section
already represents a first approximation. While this allows a computation an or-
der of magnitude more efficient than without this approximation, several other
adaptations and simplifications are possible to allow the application on robotic
platforms with limited processing power such as the humanoid robot Nao (see
section H]).

As long as relevant observations are only caused by static elements of the
environment it is possible to pre-compute them to be stored in a lookup table
for all robot states and relevant control commands. For 2D localization and
pan and tilt controls for a camera this table has a dimension of 5 assuming an
approximately constant height of the camera. Of course the limited resolution
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in each dimension and the constant height approximation cause further loss of
precision which might influence the result. This will be evaluated in section Fl

Similarly the measurement probability might also be pre-computed and stored
in a lookup table. Additionally to the 5 dimensions mentioned above this table
would need to consider the distance and bearing of the observation and in case
of certain features like line crossings on a soccer field the feature’s orientation is
relevant, too. The resulting 8 dimensions would cause the table to exceed several
100 MB for useful resolutions though, so for embedded platforms with limited
memory this is no practical solution.

As can be seen in figure [Tl for a common situation the localization belief state
often focuses on few areas of high probability. The clustering step in line 2] of al-
gorithm[Ilalready causes the areas without particles to be neglected. This is valid
since those areas correspond to quasi-zero probabilities. Omitting further areas
with low but non-zero probability represents an approximation to equation
but considerably decreases the computational costs.

Fig. 1. Identification of regions with high particle density

4 FEvaluation

The usefulness of this active vision approach to aid localization and the validity
of the approximations proposed in section [3.4] are evaluated in several experi-
ments presented in this section. The system used for those experiments is the
humanoid robot Nao by Aldebaran Robotics which is used in the RoboCup Stan-
dard Platform League. This robot contains a x86 AMD Geode 500 MHz CPU
and 256 MB SDRAM. The runtime necessary for algorithm [1l with and without
further approximations is presented in table [l The significant range in those
measurements is a direct result of the dependency of computational complexity
on localization uncertainty. If a localization belief is less certain more positions
and consequently more possible observations need to be evaluated.

The following experiments are performed in a 3D simulation for easy access
to ground truth information of the robot position and the repeatability of exper-
iments based on the exact same conditions. The environment is a robot soccer
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Table 1. Runtime of active vision module with and without approximations

Maximum Average Minimum
Without Approximations 331.2ms 38.5ms 11.5ms
Pre-calculated Observations 294.3 ms 35.6 ms 9.3 ms
Selective Computing 45.8ms 4.2ms 1.2ms

field as used in Standard Platform League competitions. All processes running
on the real robot are also executed in simulation including motion, image pro-
cessing and cognition. Since all cognition processes run at 15 Hz the algorithm
with pre-calculated observations and selective computing is suitable even for
platforms with restricted resources like the Nao. Active vision is implemented to
decide the target viewing direction, move the head and stare in that direction
for one second, then continue to choose the next direction.

4.1 Static Situations

The discretization of possible actions used in all following experiments is 7 dif-
ferent pan angles and 2 tilt angles, one to point the camera at features close to
the robot and one for far away observations. The choice is based on the camera’s
opening angles and slightly overlapping fields of view. This represents a mini-
mal number of distinct actions. A more detailed resolution could provide better
decisions, but this would imply higher computational costs.

The first experimental setup shows the validity of the active vision decision
process and the applied approximations. Situations are generated which allow
decisions that are easy to comprehend. First a robot is placed on the field near
a penalty kick mark looking at the center circle until this repetitive exclusive
perception generates two symmetrical clusters of position hypotheses. This sit-
uation might occur for a robot staring at a ball lying at the kick-off position.
Figure shows the expected entropy for different action choices with and
without approximations. Figure illustrates the average position error of all
particles after executing each action and processing the resulting observations.
The quantitative correlation of the values is clearly visible.

A similar situation occurs frequently in soccer games: When penalized players
come back into the game they are placed on the side line in the middle of the
field. The side is not known to the robot in advance. In the given particle filter
localization this penalty information is handled by placing 40% of the particles
near each re-entry spot and distributing the rest randomly to cope with wrong
game controller handling. The results for this setup are shown in figure Bl

Additional experiments not described here in detail are set up to evaluate
the localization performance starting from total uncertainty in different situa-
tions focusing on a comparison between active vision guided localization and
the simple approach to move the head from side to side to continuously scan the
environment. Those show that the passive approach of fast scanning from side
to side is more effective when uncertainty is high. This is reasonable since high
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Fig. 2. The expected entropy and the real error of particles after executing an action
on a penalty kick position facing the center circle
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Fig. 3. The expected entropy and the real error of particles after executing an action
on the removal-penalty’s return position, i.e. on the side line facing the center circle

uncertainty deprives the reasoning attempt of its information to make useful
decisions while scanning around for several different observations resolves the
uniform distribution fastest. After different distinct position hypotheses can be
deduced from the belief state the active approach tends to concentrate on the fea-
tures providing most information optimally reducing the remaining uncertainty
to result in a more precise position estimate.

4.2 Dynamic Situations

A final experiment places the robot on the sideline of the field with uncertain
prior knowledge of the starting position to be on one of the side lines and the
task to walk to a series of target positions (see fig. [l and [H). Prior localization
knowledge is provided since random particle distributions result in random active
vision decisions as shown before. The benefit of the active approach is clearly
visible especially when only few useful features are in front of the robot. In such
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Fig. 5. Localization (green) versus true position (blue) of the robot while walking to
a series of target positions

situations most of the scanning motion of the passive approach is wasted on
featureless areas.

5 Conclusion

In summary active vision provides the possibility to improve localization in most
common situations where the localization algorithm itself already provides some
result. For situations of random particle distributions which can be detected
with the same entropy criterion a fast scanning motion should be used instead
to resolve the high uncertainty by many different observations instead of a few
specific ones. Most importantly active vision is also possible and useful even
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for platforms with low processing power like the Nao and in environments where
relevant features are distributed uniformly as is the case for a Standard Platform
League soccer field.

In future work this approach can be extended to also consider dynamic el-
ements of interest like the ball or other robots. Since those are commonly not
estimated together with the localization in a single particle filter a multi-modal
optimization has to be applied to the decision problem instead of minimization
of the entropy of a single particle set.
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