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Abstract— A multi-camera view direction planning strategy =~ multi-camera vision systems. In [5] a vision system con-
for mobile robots is discussed. Two concurrent tasks are sjsting two fixed cameras for the position and orientation
considered: self-localization and object tracking. The approach tracking of a moving object is proposed. In [6] collaborativ

is to assign the different tasks to different cameras, such thaof i il ith aut ted detacti
each task an individual optimal view direction is selected based multi-camera surveillance with automated person detectio

on the information gain maximization. Thereby, the individual IS used. Multiple cameras with overlapping fields of view
task performance is significantly improved. The performance of collaborate to confirm results and to implicitly handle non-

the proposed strategy is evaluated in simulations, considering overlapping regions. In [7] the impact of camera location
gngyhrgsrt]v(\)/lc? Cgoubg’lé dnz\r”g?l?t?; 53%?35'%’afgiomf’?{;?eggg and multi-camera fusion with real robots in an urban search
" and rescue task is studied. It is found that having two
| INTRODUCTION cameras, one foryvard—facing and one rear-faping, results
in improved situation awareness. In [8] a practical person-
Humans, like all animals, respond very readily to novefracking system is proposed using two sets of color stereo
objects and fast changes in their environment. They cafameras for locating people with the stereo images and
be, for example, significantly attracted by motion in realfor maintaining their identities with the color images. To
world environments, which can help to gather task-relevarichieve both wide field of view and high accuracy, in [9]
information and increase their own safety. multi-focal vision is used for measurement and robotics
For the purpose of locomotion in an unknown real-worlchpplications. Advantages are significant improvements of
environment, a cognitive mobile robot should also have theontrol performance and localization accuracy as well as
human-like ability to react to the world. Particularly uses  an extension of the workspace compared to conventional
an active vision head controlled by a visual attention syste approaches.
that selects task-relevant viewpoints in the environment.
Typical tasks are, for instance, self-localization andeobj
tracking based on object position estimation. Therefaeyv

To accomplish self-localization and tracking of moving

objects simultaneously, an active vision system could plan

direction planning has attracted a great attention in t ifs view direction using the decision strategy mentioned in
4], namely a view direction selected at each time step only

robotics domain. for one task. However, due to the simultaneous movements
A variety of approaches for the view direction planning are . ) ’ : g . :
y bp b 9 f object and robot, the object position estimation errcs ha

proposed. A real-time EKF-based SLAM system using active . o o X
vision is combined with information from odometry and an |mpac_t on the_ rob_ot position estimation. V'Ce versa, the
roll/pitch accelerometer sensor in [1] to perform accuraterObOt position estimation error also affects the objecitms

repeatable localization while traversing an undulatingrse. espmanon. Tq achu_ave a sat|sfy|n_g accuracy for both tasks .
his paper a view direction planning strategy based on multi

In [2] an approach to an optimal gaze control system fof L :
autonomous vehicles is proposed in which the percepti\?eamera vision is proposed. Different stereo cameras ark use

- o L ; In order to accomplish different tasks. The view directions
situation and subjective situation are also predicted.3[n [ f two stereo cameras are controlled independently. Thereb
a viewpoint selection strategy based on entropy maps is iﬁie individual task performance is si nilfi)cantl iz; r'gSed
troduced, based on a sequential recognition strategy intwhi b 9 'y 1mp R

The performance of the proposed strategy is evaluated in

object hypotheses are represented as conditional prdipabil . . ! . .
) yp P pratp simulations and compared with another two strategies using

density functions. Selection of viewpoints is accomplt!;heth task decision concept mentioned in [4] considering a
using an active vision approach that selects on the basis of P 9

2 S o humanoid robot navigation scenario.
minimizing ambiguity of recognition. For gaze control of
humanoid robot the basic idea of [4] is based on maximiza- The paper is organized as follows: In Section I, the
tion of the predicted visual information content of a viewproposed view direction planning technique is presented. |
situation. A task decision strategy is applied to view di@t Section 1ll, the simulations and the results are shown and
selection. discussed. The performances of three different view doect
Due to limited field of view and accuracy of single orplanning strategies are compared. Conclusions are given in
stereo camera systems, many works proposed the use Ssction IV.



1. TASK DEFINITION One planner is applied for the self-localization (sl) task.
The information measureg, for this task at steg is defined
as follows: )
Self-localization is one of the most important tasks for a 1
b =35 /8 ()
=1

A. Problem Description

mobile robot. From visual information in a natural scene,

the robot can choose appropriate landmarks such as point ) . _
features, edges etc. for its localization computation. In Where e} are the eigenvalues of the robot position covari-
real-world environment moving objects also exist, congide &NCe matrices and is the index forx- and y-direction.

as interesting regions such as humans and vehicles etc. ¢ use @ hybrid Extended Kalman filter to predict the
the robot's attention is directed to them to acquire bettdPPOt Position and calculate covariance matrices. Thererro
accuracy for object position estimation, the robot egoiamot COvariance matrix is a measure of the estimation accuracy.
estimation is corrupted due to simultaneous movements 6P Possible view direction® of Athel‘rsespectlve camera the
robot and objects. The object position estimation errogs arféSPective information measurég ™ will be computed.

the robot position estimation error have negative impants drhe view directionflifsll‘s with the strongest information
each other. content increase, which is defined as the covariance degreas

For simplicity, in this paper we only refer to moving Will be chosen as the optimal view direction by the planner
objects as objects. All other static objects in the envirenm and applied for the next time step+ 1 to the respective
could be regarded as landmarks and be used for the localizgmera.
tion task. We assume that the robot can distinguish between fzi;lls =arg r%a>(vss| - \7:’1‘5). (2

static and dynamic things using general motion detection
algorithms. In the view direction planner for the object tracking (ot)

task, the distances between the robot and the objects will be
B. View Direction Planning Strategy checked firstly. The eigenvalues of the position covariance

. o . . matrix of the object nearest to the robot is considered as
A view direction planning strategy based on multi-camera . s . .
information measureg, for this task at stes:

vision is proposed. In our approach, different tasks are
assigned to different cameras. The view direction planser i s 3
divided into several planners, according to the number ef th Vot = Z \/gv
tasks. Each planner acquires different information from th =1
environment, processes it separately, utilizing its iitlial ~ wheree} are the eigenvalues of the object position covariance
task-relevant criterion, and chooses the most appropriateatrices andj is the index forx-, y- and zdirection.
view direction for its respective camera, such that eack tag\nalogously, a view direction with the strongest inforroati

can be accomplished optimally. For purpose of the roba@ontent increase is regarded as the optimal one and should

be focused by the other camera.

®3)

( N

_— robot As+1|s s ~Stls

landmark/obj. positions Q — arg ma)(v —v ) (4)

in the robot frame - *,0t ~ ot ot
e Q
: T e planner for Two view direction planners use two different information
Hybrid EKF estimations in the world frame object tracking L. . . .

T predefined robot foo posicion change measure definitions. There is no overlapping in the computa-

e”°"’“"°m‘“e’e""”"e"me”l Dlannerfor tion of the view directions. Applying this strategy, the wie
direction planner of the self-localization task is indegent

of the view direction planner of the object tracking task.
s In other words, the position estimation of the robot ego-

step Multi-camera
executor vision system
wide-angle
T stereo camera
landmark/obj.

it motion does not depend on the object movement any more,
e are so that the accuracy of the robot ego-motion estimation will
sereocamer ) fe— be improved. Consequently, the position estimation of the
- ~ object will, respectively, also be improved.
landmarks real-world environmen objects
(static) e ' ity Ill. PERFORMANCE EVALUATION

To evaluate the performance of the view direction planning
strategy proposed in Section Il, several simulations are co
ducted. A humanoid robot navigation scenario is considered

Fig. 1. Multi-focal view direction planning architecturench simulation
layout

self-localization and objects tracking in the environmend ~A. Simulation Description

view direction planners are needed (see Fig. 1). A walking humanoid robot is equipped with two active
We use an information-based concept for the planners. Tls&ereo cameras, providing the robot with visual inforntatio

idea is to choose the view direction which could provide ®ne camera is a wide-angle stereo camera, and the other is

maximum information gain. a conventional stereo camera. The wide-angle stereo camera



which is responsible for the robot self-localization tagis h
aperture angles of 80n each direction with focal lengths of
2mm. The conventional stereo camera corresponding to the
task of object position estimation has aperture angles of 30
in each direction with focal lengths of 20mm. We assume that
two stereo cameras are independently controllable su¢h tha
we can plan their view directions individually. The multi-
camera vision system should be controlled such that the
position estimation errors of the robot and the presentoibje
are minimized.

Our view direction planning architecture and simulation
layout is shown in Fig. 1.

Based on [4] and [9], the step executor models the biped
walking of a humanoid robot in the world frame. The robot
frame is placed in the current supporting foot. A hybrid
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Extended Kalman Filter (EKF) is the central part of the19- 2. Simulation scenario: the robot walking path, the faack positions,

whole system. An EKF is an efficient recursive filter which
gives the state estimation of a dynamic system from a series
of noisy measurements. Accounting for biped locomotion, a
hybrid EKF is proposed in [4]. The system state; at step
k+1 is represented as follows:

the object position.

the right foot is(0,0.9)m. At each step the robot is moving
0.30m in the x-direction. The distance between two robot

feet is 020m.

OXok+1

F X0k+1

Xkl = = (X, Uks-1, Wk)

®)

= Xk (1 — Vi) + Fs (X, Uk-1, W) Ve 1

where %1 € {0,1} and y = 1 represents the robot foot

There are four landmarks around the robot path. Their
positions arg1,4)m, (2,—2)m, (6,4)m and(7,—2)m. They
are marked with green stars. An object is located in the
environment at the positio(5.5,4)m, marked with a pink
Cross.

We compare three multi-camera planning strategies evalu-

changesoxo,,, andgxo,., are the state vectors in the world a_lting the gbsolute position estimatio_n errors and the asti_m
frame and in the robot frame, respectively, 1 is the current tion covariance of the robot ego-motion as well as the object

control vector, provided by the step executor amds the
random variable representing the process ndisdas the .
transformed system state after the foot change.

The approach is to assign different tasks to different
cameras. Different environment informations are captimed
the multi-camera vision system and provided to the Hybrid
EKF. The wide-angle stereo camera provides the position
estimator, the hybrid EKF, with the landmark positions in e
the image frame, while the conventional stereo camera only
brings the position informations of objects to the position
estimator. In this hybrid EKF the landmark positions, the
object positions, the robot foot positions and the robot
camera head positions in the world frame are predicted. Thise
prediction is evaluated by the task-specific view direction
planner.

The task-specific view direction planner evaluates the
information content increase for all possible view direns
in different planners for different tasks. The task-specifi
optimal view directions are provided to the wide-angleester

motion based on visual information:

Strategy 1 (S1): Two stereo cameras are not indepen-
dently controllable. The task decision strategy (see [4])
is used to choose the task for both cameras at each step.
The view direction planner computes either the optimal
view direction for self-localization or the optimal view
direction for object position estimation at each step.
Strategy 2 (S2): Two stereo cameras are independently
controllable. The task decision strategy is also applied to
the view direction planners. Both stereo cameras execute
the same task at each step, but their view directions may
be different.

Strategy 3 (S3): Two stereo cameras are independently
controllable. The view direction strategy proposed in
Section Il is applied. Different tasks are assigned to
different stereo cameras. The wide-angle stereo camera
is responsible for the self-localization task, while the
conventional stereo camera is accountable for the object
position estimation task.

camera and to the conventional stereo camera, respectively All the cameras are assumed ideal. Lens distortion and
In our simulations the robot should walk straight forwardjuantization effects are not considered.

parallel to the positive x-axis (see Fig. 2). The real path of The other system parameters are set as follows: At each

the camera head is shown with the blue line. The robot wallstep the positions are measured and estimated three times.

24 steps in total. Because of the walking error data whicBtep parameters covariance equal®0&n? in each di-

has been taken from real experiments with a humanoid robection, x andy. The square of the variance of the robot

[10], the path is not a straight line. The robot foot positiororientation in each step has the value\@ rad?. The initial

in each step is presented by blue stars. The start point pbsition variance of the object equalsO2*n?, while the



initial position variance of the robot also equal®Znv. S3 has no apparently better performance than those using
S1 and S2, either.

B. Simulation Results It is established that S3 has no obviously better perfor-
1) In a Static Environment:Firstly, we consider the g"nna:jncsezln position estimation in a static environment than S1
situation that the object 6.5,4)m is not moving, such that :
this object is also treated as a landmark.
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Fig. 3. Absolute position estimation errors of the robot egation in a
static environment.
. . . . 5
In Fig. 3 the absolute position estimation errors of the
robot ego-motion using view direction planning strategy S1 4t /?»
. . . . . \
S2 and 33 are compared. The estimation using $3 ha; nc ol object moving  *dbject position
apparent improvement in comparison to the estimation using trajectory estimation
S1 and S2. The mean value of the robot position estimation 2r o o
error using S3 is 0.0285m, while the mean values using S1 € e 73 &
. 1 X & %
and S2 are 0.0384m and 0.030m, respectively. > L
of \
robot head
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- _2,
0.05F

0.041 x [m]

003l Fig. 6. Simulation result displayed in a overlooking viewngsiS2 in a

;! dynamic environment.
el
0.02f } _ . _ _
: 2) In a Dynamic EnvironmentNow we investigate the
0.01f : = =Sl case that an object is simultaneously moving along a straigh
=-==32

object absolute position estimation error [m]

line toward the negative x-direction (see Fig. 5, 6 and 7).
b 10 20 30 40 0 0 70 80 The start point is(5.5,4)m. The trajectory of the object is
measurement times displayed by a blue line. During the time interval of one
step of the robot, the object moves 0.03m in the negative
Fig. 4. Absolute position estimation errors of the object irstatic  x_direction. The object position estimation is shown in red
environment. crosses. The green line is the estimated trajectory of the
robot head. The red stars near the green line are the position
Fig. 4 shows a comparison of the object absolute posestimations of the robot foot currently supporting at each
tion estimation errors in this static environment usingeéhr step.
strategies. The mean values of the object absolute positionFig. 5 and Fig. 6 are the overlooking views of the robot
estimation errors using S1, S2 and S3 are 0.0229m, 0.0250@notion and the estimation results using S1 and S2. The
and 0.0214m, respectively. The object estimation applyingosition estimations of the robot head using S1 and S2 are
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Fig. 9. Robot ego-motion estimation covariance.

far away from the real path for the reason that the object seen
by the robot is also moving. Using S3 we have a significant
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Fig. 8 shows the quantitative comparison of the robot §o'05’

position estimation errors over the simulation time. Theame %

value of the robot absolute position estimation errors gisin g > |

S1 equals B119m, while the absolute robot position esti- % 3

mation errors applying S2 have the mean value.6891m. £00% ':-':" - |

If S3 is used, the mean value of the estimation errors is ¢ Do

0.0623m which is obviously smaller than those using S1and %% L : : ]

S2. The accuracy is much higher using S3 than those using § Pl

S1 and S2. goor i S L 1
Fig. 9 illustrates a comparison of robot position estintatio | ‘ T g gt Yo

covariances using S1, S2 and S3 over 71 measure time: % 10 20 30 40 5 60 70 80
(three times per step). The covariance of S3 is much smaller measurement times

and a little smaller than those of S1 and S2. The oscillation

is caused by the using of EKF. By the second measurement Fig. 11.  Object position estimation covariance.
at each step the covariance of the ego motion is obviously



reduced. camera in the intervals from 1. to the 20. measurement and
Considering the comparison of the absolute errors arfctom the 50. measurement to the 71. measurement, which
covariances, S3 performs better than S1 and S2 for robcduses the increasing position estimation error of thectbje
ego-motion estimation.
Respectively, S3 also has a better performance of the IV. CONCLUSIONS
position estimation of the object motion. A comparison An information-based multi-camera view direction plan-
among S1, S2 and S3 is presented in Figure 10. The me@ing strategy for mobile robots is discussed. Two conctirren
values of the absolute position estimation errors of theatbj tasks are considered: self-localization and object tragki
using S1, S2 and S3 are 0.1295m, 0.2300m and 0.0976m,T0 avoid the interactive estimation error of moving robot
respectively. The average position estimation error u§iag and objects, different tasks are assigned to different casne
is about 0.03m and 0.13m smaller than those using S2 aRdfferent cameras acquire different informations from the
S1. environment, process them separately and plan their view
Furthermore, the object position estimation covariancedrections individually, using their task-specific criter
using S1, S2 and S3 are compared in Fig. 11. A same resultThe performance of our strategy is evaluated in simu-
is achieved as the comparison of robot position estimatiofgtions considering a humanoid robot navigation scenario,
S3 performs much better than S1 and a little better than Sgompared with another two view direction planning strate-
From the simulation results above, we can draw a concl@i€s. Using the proposed view direction planning strategy,

sion as follows: the accuracies of the robot motion estimation and the object
« 3> Sl > S for absolute position estimation error motion estimation are significantly improved in dynamic
. S3> > Sl for estimation covariance. environment. The impact from the object motion on the

The accuracies of the position estimation of the robot nm:)tiorct)b?t mog(])n es?matlon IS ?hmmateclj.. #smg the pr?ﬁsc)tsed
and the object motion are apparently improved using S3. strategy, the perrormance ol accomplishing concurremstas

is improved.
C. Discussion
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