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Abstract: In this paper, we propose a mobile robot architecture for person tracking, consisting of an active stereo vision
module (ASVM) and a navigation module (NM). The first tracks the person in stereo images and controls the
pan/tilt unit to keep the target in the visual field. Its output, i.e. the 3D position of the person, is fed to the
NM, which drives the robot towards the target while avoiding obstacles. As a peculiarity of the system, there
is no feedback from the NM or the robot motion controller (RMC) to the ASVM. While this imparts flexibility
in combining the ASVM with a wide range of robot platforms, it puts considerable strain on the ASVM.
Indeed, besides the changes in the target dynamics, it has to cope with the robot motion during obstacle

avoidance. These disturbances are accommodated by generating target location hypotheses in an efficient

manner. Robustness against outliers and occlusions is achieved by employing a multi-hypothesis tracking
method - the particle filter - based on a color model of the target. Moreover, to deal with illumination changes,
the system adaptively updates the color model of the target. The main contributions of this paper lie in (1)

devising a stereo, color-based target tracking method using the stereo geometry constraint and (2) integrating

it with a robotic agent in a loosely coupled manner.

1 INTRODUCTION they work well for one specific robot. Unfortunately,
the high coupling between the visual and the robot
In the past, robot navigation was commonly based control loop yields a robot-dependent control archi-
upon data coming from classical sensory equipment tecture.
like ultrasonic and infrared sensors or laser range Inthis paper, we set up a global system architecture
scanners. This approach is in sharp contradiction with for a visually guided robot, which is independent from
nearly all biological examples (e.g. humans) where the specific robot hardware and kinematics. We do
vision is the primary sensing modality. This biologi- this by separating the visual processing (ASVM), the
cal example inspired scientists (Beardsley et al., 1995; navigation control (NM) and the robot motion con-
Davison and Murray, 1998) to tackle the visual nav- troller (RMC). As an application for such a robotic
igation problem and, during the last decade, visual system, we chose the person following task, for which
navigation has gained significant importance. several problems have to be solved: person tracking,
The main problem in setting up a global control coping with the erratic motion of the target, stereo
architecture for a mobile robot with an active vision head control, 3D position estimation, robot naviga-
control loop is that the frequency of the robot con- tion and the robot motion control. In the following,
trol loop (and certainly that of an eventual manipula- we address each of these problems.
tor installed on the mobile agent) differs from the fre-  For most tracking applications a Kalman filter is
guency of the vision control loop. This also leads to a used, as it is a reliable and efficient tool. As a disad-
second problem: the reusability of the developed con- vantage, the Kalman filter can not handle multi-modal
trol architecture on different robotic platforms. Due distributions as present in our problem. Therefore, we
to the difficulties with the timing between different resort to particle filtering, a Monte Carlo method able
loops in the systems, most researchers (Davison ando maintain multiple hypotheses about the target state
Murray, 1998) tune their control processes such that in the presence of non-linearity and non-Gaussian dis-
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turbances.

In general, the motion of the target in a target track-
ing scheme is modeled using a predefined model such
as a constant speed or a constant acceleration mode
(Strens and Gregory, 2003). This leads to problems
when humans need to be tracked, as they could have
both models as well as unpredictable motions. There-
fore, to cater for the erratic target motion, we propose
an effective mechanism for generating target location
hypotheses in the particle filter. Based on the current
estimate of the system state, a PID controller deter-
mines the control signal to be applied to the pan/tilt
stereo head to keep it aligned with the target.

For the 3D position estimation, some authors (Ping
et al.,, 2001) use scaling as means to retrieve depth
information, while others (Ghita and P.-F., 2003) use
the depth from defocus measure. The most popular
approach is however to make use of a stereo setup tc
estimate the distance to a target (Arsenio and Banks,
1999; Schlegel et al., 2000; Kuniyoshi and Rougeaux,
1999; Wilhelm et al., 2004). This is also the method
we use here. Figure 1: Definition of the coordinate system®.XY 7) is

In the context of robot navigation, many algorithms  the stereo head coordinate syste@, {Xi,-Y,»Z,) is the
have been proposed to solve the path planning prob-'€ft/right camera coordinate system, at{X »Yr Zr) is
lem, ranging from simple potential field methods (Ko- Ui oboygeEimera coordinzle system.
ren and Borenstein, 1991) to biologically inspired
neural networks (Franz and H.-A., 2000). We opted
for a behavior based control architecture for the navi- explained using Figure 1. The objective of the visual
gation module. tracking system is to align the coordinate system of

The RMC requires careful consideration of the ro- the stereo camera such that theaxis points straight
bot kinematics and dynamics. As we wanted to build at the target, thus minimizing the relative pan and tilt
a system which is easily portable from one robot sys- angles of the stereo vision system,and 5 respec-
tem to another, we decoupled the platform-dependenttively. On the other hand, the objective of the robot
RMC from the ASVM and NM. The RMC is there- is to move towards the goal, and hence to align the
fore not considered part of the system architecture androbot coordinate system such that thg-axis points
is not pursued further. straight at the target. This is in general not the case

The remainder of this paper is organized as fol- due to the movement of the target person, the inertia
lows. First, an overview of the system architecture of the robot and because the robot has to avoid ob-
is given in Section 2. Then, in Section 3, the active stacles on its way. Thus, most of the time; > 0,
vision module is extensively explained. Here the top- wherear = Z(OrZgr,0Z). To be able to navigate
ics of color histogram matching, stereo geometry, the in a complex environment with obstacles, a behavior
particle-filter based target tracking and camera control based robot navigation was adopted, where one be-
are discussed. The navigation module is introduced in havior leads the robot to the target, whereas another
Section 4, after which, in Section 5, we present some behavior enables the robot to avoid obstacles.

results. Finally, we conclude the paper in Section 6. The general system architecture which integrates
all the capabilities discussed above is sketched in
Figure 2. On the left, one can observe the ASVM,

2 OVERVIEW which receives its input from the two cameras in-
stalled on the stereo head. At the heart of ASVM

To achieve the task of person following, two main is a particle filter-based visual tracker which gener-
problems need to be solved: ates at each time step hypotheses (particles) about the

L 3D target position (in spherical coordinates) relative
e The vision system ha_s to track the target person_ to the (XY Z) frame. These hypotheses are "pro-
e The robot has to navigate to the target person with- jected” onto the image plane, resulting in a set of
out bumping into obstacles candidate target regions within the left and right im-
In fact, these two problems can both be considered asages. For each pair of candidate regions, we com-
a coordinate system alignment problem. This can be pute two color histograms which we compare with
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Active Stereo Vision Module (ASVM) . Navigation Module (NM) 1 tracking the 3D pOSition Of a person over tlme by
4{ Pan & Tilt Controller HSDTargetF’osition Estimation‘ PfonifJCdePﬁVe means of the color properties of a region of his
an . .
i exteroceptive body; the color model of the target is updated in
Sensors

time to account for the variations in illumination;

2. control of the stereo head such that the person stays
Navigation Controller always in the field of view of the stereo head;

i These tasks are detailed in the sequel of this section.
Color based target

tracker using particle ‘ t ‘

filtering I Motion Controller

[ |
Camera 2 ‘ State Motor

Target
Model
Update

3.1 Dynamic model

Camera 1 ‘

The state of the target at tinfeis described by the

Observer Controller
T I vector x;, = (ax, Sk, Ax) containing the spherical
Storeo Hoad D A e ot coordinates of the target with respect to the frame
| (OXY Z) attached to the stereo head. is the az-
Robot Motion Controller (RMC) imuth angle relative t@~Z, ( is the elevation angle
relative to the planO XY'), and\ is the target range.
Figure 2: Overview of the system architecture Since a person may move in an unpredictab|e way,

we adopt a weak state evolution model (inspired by
the base color histograms (left and right) serving as (Pérez et al., 2004)) for the stereo head-target system.
model for the tracked person. The likelihood of each More specifically, we assume that the state vector
hypothesis is then quantified by the matching degree components evolve according to mutually indepen-
between these histograms. The outcome of the track-dent Gaussian random walk models, which we aug-
ing process is an estimate of the target position in the ment with uniform components to capture the possi-
form of a probabilistic mixture of the target hypothe- bly erratic motion of the target. Thus the state evolu-
ses. This estimate consists of the azimuih, €le-  tion model can be written as

vation (3), and range X) of the target and its use is plarlar—1) = o1 N (og; ap—1 + cul};ipgf)

threefold. First, it serves for updating the base color (1)
histograms in view of coping with changing illumi- + (1 = pu)U (an; —am, am)

nation conditions. Second, the target pose estimate is  p(3|8k_1) = 2N (Bk; Br_1 + cul,_,,03)

fed to the pan & tilt controller, which employs two + (1= 0)U(Br: — By Bom) )

PID controllers to ensure smooth and robust stereo
camera control. Finally, the estimate is used to re-  P(Ak[Ae—1) = @3N (A3 Ap—1,03) 3)
cover the absolute 3D position (relative to the robot + (1 = 03)U (ks Amins Amaaz)
frame) of the target person. This position estimator
links the ASVM to the NM (see Figure 2). There, a Whereu} andu}, are the pan and tilt control inputs,
navigation controller will distill a heading direction ¢ is a known coefficient{¢;}?_, € (0,1) are known
and speed from the absolute pan angle (.g.+ &), mixing coefficients,\V (z; i1, %) denotes a Gaussian
the target range\) and the input from the propriocep-  distribution of variabler, meanu, and variancer?,
tive and exteroceptive sensors. We have tested differ-and U (z; Zomin, Tmaz) Signifies thatz is uniformly
ent behavior-based navigation controllers: a simple distributed betwee, i, andz ... Note thato; » 3,
dual-behavior fuzzy logic-based navigation controller ®m, B, Amin @NdAmq. are known by design. Since
and a more elaborate hybrid architecture consisting @, Bk, A are independent variables, it follows that
of a deliberative and a reactive part. The final output the state evolution distribution factorizes as :
on this level of the robot navigation module, a head- — 10(Bil Bt )Pk A
ing direction and a speed setpoint, is compatible with P(Xk[xr-1) = ploklon-1)p(Bel Be—1)P(As[Ar-1).

: - 4
most robotic platforms, no matter what their kinemat-
ics and dynamics are. What follows further are robot-
specific modules, indicated by the shaded blocks in 3.2 Stereo Geometry

Figure 2, which are not part of the presented architec- . .
ture. The geometry of the stereo vision system is sketched

in Figure 1. We track the 3D position of the target rel-
ative to the frameXY Z, (o, 3, A), using color mea-
surements in the image plane. Hence, we need to find

3 ACTIVE VISION a relationship betweefw, 3, ) and the 2D position
of the point where the target projects on the image
The ASVM accomplishes the following tasks: plane, for each image in a stereo pair. To this end, a
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first step is to compute the azimuth and elevation an- The appearance of a target confined to the image
gles of the target with respect to the coordinate frame regionR(p, s) is described by means of a spatially-
attached to each camera, i(ey, 5;) for the leftimage ~ weighted color (RGB) histogram (Comaniciu et al.,
and(a.., 3,.) for the right image. As this derivationis  2003) with B bins:

identical fora. and3, we only present the solution for r —pl

the azimuth angles here. From (Vieville, 1997, p. 30), h=(u) =c¢ Y _ ¢ (H) 6[b(r)—u], u=1,..,B

we have that reR
b wherec is a constant such th§t:f:1 h(u) =1, b(r)
o = arctan [uo + f (tan(a) F MS(Q)H is a function mapping the color of the pointinto

a color bin,H = s\/H2 + H2, and¢ is the kernel

wherew is the optical center of the cameiais the function
baseline and is the focal length. 6(r) = 1—72, r<l1 (10)
Now, we shall relatg«y, 5, o, 8,) to the posi- o0, otherwise

tion of the target projection in each image. gt=  The target model consists of the color histograms of
(ur, v1) andp, = (uy, v.) denote the position of the e elliptic regionsR, , andR,.o. For simplicity, let
target projection on the left imade and on the right 1050 histograms be7denoted7by

imagel;, respectively. Given the geometry of the im-

age formation, the following relations hold: a(u) £ hr,o(u),  @r(u) 2 hr,,(u)  (11)
For k& > 0, the similarity between the target model
upr = f - Dy - tan(ay,) (6) q and the color modet of a target candidate (in one
v = f - Dy -tan(G,) @) image) is assessed using the Bhattacharya distance,
defined as

where D,, and D, represent the number of pixels s
per meter in horizontal and vertical direction, respec- dlg, h] = v/1 = pla, h], (12)

tively. Thus, starting froma, 5,\), we can deter-  whereplq, h| = Zle Va(u)h(u).

minep; andp,. based on (5), (6), and (7). Let The Bayesian estimation paradigm entails speci-
B fying the likelihood functionp(z,|x;) of the state
(P, pr) = T2, 3,)) x; given the measurement,. Note that, in our

(T2S stands for "3D to stereo”) be the function corre- €a@se, the measurement consists of color stereo im-
sponding to these transformations. It is useful to also 89€S:zx = {Iik, L., }. Dropping the time index

defineS27(), the inverse function of T2S(): for convenience, the likelihood can be expressed as
p(Il; IT‘X) = p(Ila IT‘CY, 67 )‘) = p(Il|Aa IT’)p(I”‘|A)7
(a, 8,A) = S2T(p1, pr), 8 (13)
Alternatively, we refer to T2S as "projection” and to  whereA 2 (p;,p,,s) and(p;, p,,) = T2S(x). For
S2T as "back-projection.” the partial likelihoodh(I,.|A), we use the formulation

from (Perez et al., 2002)(Nummiaro et al., 2003):

2
PLL12) = (L Ri(py. ) x exp { - LEmd .
Initially, at time £ = 0, the projections of the target " (14)
on the image planes are delineated manually and deyhered is given by (12) and? is a design parameter
scribed by means of two elliptical regions with the - \yhich plays the role of a measurement error variance.
half axesH, and H,. Let these regions be denoted  The image correlation likelihoog(I;|A, I,) quan-

3.3 Color-based measurement model

by Ri,0 = R(p1,0,1) (in the leftimage) andR,.o = tifies the matching between the Bhattacharya distance
R(pr0,1) (in the right image), wher&(p,s) isan i the left and right image and is modeled here as a
elliptical region of centeip and scale factos with  Gaussian function of the distance difference:

respect to the initial ellipséH.,, H,). Subsequently, (LA, 1) = p(L|R(p1, ), R(pr, 5), I.)

tracking the object throughout the stereo image se- ) 15
quence localizes the object at tinkewithin the re- o exp {_ (dlqr, hr,] — dlgr, hr,]) } (15)
gionsR; . = R(pik,sk) andR, ;. = R(Prk, Sk), 202

wheres, is the scale at timé. Note that the scale of whereo, is a design parameter. Plugging (14) and
the object in the image is inverse proportional with  (15) into (13) yields

and therefore can be estimated by p(IL, 1 |x)

Sk = Ao/ Ak, 9) x exp {_d2[qr, he.]  (dla, hr,] = dlgr, hr,])?
where)\ is initial target range and is found by back- 207 202
projectingp; o andp,.o. (16)
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3.4 Particle filter algorithm

For non-linear, non-Gaussian and multi-modal mod-
els, as the one described here, the particle filter (Aru-
lampalam et al., 2002) provides a Monte Carlo solu-
tion to the recursive filtering equatignxy|z;.x)
p(zi|xk) [ p(Xk|Xk—1)p(Xk—1|21:—1) Necessary for

tracking. ‘ Starting with a weighted particle set
(=", " )}N | approximately distributed ac-

cording top(xx—1|z1.x—1), the particle filter proceeds
by predicting new samples from a suitably chosen
proposal distribution which may depend on the old

state and the current and previous measurements, i.e.

x,(f) ~ q(xk|x§fll,z1:k). To maintain a consistent
sample, the new particle weights are set to

plaxlx)p 1% )

(4)
Wy’ 4.

Wy

e a7)
IR

After weight normalization, the new particle set

{(xfj),w,(:)) N | is then approximately distributed
according top(xx|z1.x). The particles are resampled
according to their weights to avoid degeneracy.
Particle filters suffer from the curse of dimension-
ality, i.e., as the dimension of the state-space in-
creases an exponentially increasing number of parti-
cles is required to maintain the same estimation ac-
curacy. To mitigate this phenomenon, we choose a
proposal density which biases the generation of the
particles towards the most-likely 3D location, while
it maintains predictive particles to handle the back-
ground clutter and recover from failure or tempo-
rary occlusion. More specificallyy(xx|xx—1, Z1.k)
is a mixture between the state evolution distribu-
tion, p(xx|xx—1), and a Gaussian distribution whose
mean (4}, 3¢, \) is derived via stereo mean-
shift tracking and back-projection:

a(xilx{” 1) = (1= )plxrlxi) ) + N5 (xx) (18)

wherevy € (0, 1) is a mixing factor. The mean-shift
algorithm (Comaniciu et al., 2003) minimizes (12),
thereby finding a highly possible location of the target
in the image. The coefficientexpresses our belief in
the mean-shift derived 3D target hypotheses, sampled
according to the density

Na(xx) = N (s 675, 02N (Br; B, 02)

. (19)
N (s AT, 02).

AMs ms

The vector(a™s, 37, \{*%) is obtained as follows:
starting from the mean target positions in the left and
right image at timex — 1, p;(k — 1) andp,.(k — 1),

we find via mean-shift the positions of the target at

attimek — 1, obtainS, = {(x;", 0,
1.

2. Weight normalization: @\" = w(” /3N | w{
3. Estimation. Compute the mean state of the §gt the

4,

. Selective resamplingif the effective sample size

Given the sample sef, 1 = {(x\”,,@!" )},
@ 53N | as follows:

Importance sampling. Fori = 1,... N, samplexl(j)

based orx\” | andq(x|xk_1,21.%):
e mean shift tracking and back-projection:

P/ = MeanShift(p; (k — 1), 1))
pr¥ = MeanShift(p,(k — 1),1,)
(@™, 7, A") = S2T(p™*, pr*°)
e sampleu ~ U(u;0,1)
eif u > v, samplex!” = (o, 3 A?) as follows:
o ~ plarlo? ) [see eq. (1)]
B9 ~ p(BilB2,) [seeeq. (2)]
AP~ peA)  [seeeq. (3)]
else, sampl&!” = (o, 3% A" as follows:
a? ~ N(ar;a™,0%)  [see eq. (19)]
BY ~ N(Br; B7°,0°) [see eq. (19)]
AP Nk A™ 0?)  [see eq. (19)]

e projectx\’

i:

o computew'”, the unnormalized weight of\", ac-
cording to (17,4,16,18); the likelihogd(1;, Ir|x,(j>) _
p(L, L|pt”, p{”, 5 (16) is computed based on t
histograms

) to the image locationp'”, p{”:

pgi)) — TZS(a(i),ﬁ(i>, )\('i))7 s — >\0/)\<i>

R £ hy (u), whereR, = R(p'”, sV) c 1.
A £ hg, (u), whereR, = R(p{”,s) c 1,

(4)

7

scale estimate, and the mean target positions in th
and right image:

%1 = (G, B, ) = L0, )|,

pi(k) =N, aDp?, pok) =N, a@pl?

Target model update Compute the occlusion/outli¢
indicatoro = p(L;|p:, §) + p(I.|pr, §) as the sum o
likelihoods (defined by(14)) of the elliptical regions
scales, centered ap; andp, respectively; ifo exceeds
a thresholdh;, we proceed to the target model upd
(see Section 3.5).

3k = Ao/ Ak,

Negs = [ZL(@S))Q] -

is below a thresholdh,, apply a systematic resampli

he

e left

D

=

ate

ng

step - see (Arulampalam et al., 2002).

time k, respectivelyp;™ (k) andp;**(k), in the cur-
rent stereo imagek andI,.. Further, from these two
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image locations, we can determine the 3D location . . . positon Goal (Person)
(aams, Bims Ams) by back-projection (8). Following Behavior v, ©
The outline of the particle filter algorithm for color-

L - Exteroceptive Obstacle Avoidance
based stereo target tracking is presented in Figure 3. .20 Behavior

3.5 Target model update

Figure 4: Fuzzy-logic behavior based navigation controller

Let p; andp,. denote the estimates of the centers of
the target regions in the left and right image, respec- ¢ How to avoid obstacles?
tively. If the sum of likelihoods (14) op; andp,. are
higher than a threshold, it means that there is no out-
lier or occlusion at the estimated target position in the
image. Therefore, we can update the target model to
cope with illumination variations resulting in appear-
ance changes. The target model$y) andg,.(u), are
updated as in (Nummiaro et al., 2003):

The presented solutions preserve this ambivalent
structure by providing a behavior-based navigation
strategy where two main behaviors process each one
of the questions raised above.

The robot navigation module produces as output a
heading direction for the robot and a speed setpoint,
usable on any mobile robotic platform. The speed set-

q(u) = (1 —a)q(u) + ahg (u),  (20)  point depends directly on the distance to the target
—(1 h l 21 person: if the robot is far away, it needs to accelerate
ar(u) = (1~ a)gr(w) +ahg, (), (1) in order not to loose the person; when it approaches

the target, it must move with more caution to not hurt
the human. When the robot comes within one me-
ter of the target person, it will stop automatically, for

security reasons.

whereu = 1,..., B, R; = R(p1, 8), Rr = R(Py, ),

§ is the scale estimate, and € (0,1) is a factor
weighting the color model of the target at the esti-
mated positiong,. andp;. This evokes a forgetting
process whereby the contribution of a specific frame JAai .
decreases exponentially in time. 4.1 Fuzzy |OgIC behavior based

navigation controller

3.6 Camera control , , o

In this setup, depicted in Figure 4, each of the be-
The control scheme refers here only to the pan (az- haw_ors consists of a _fuzzy logic controller relating
imuth) anglea. The control of the tilt (elevation) the input commands, i.e. the sensory data, to output
angle 3 can be done in the same manner. We use commands for the robot actuators. For the person-

a discrete Proportional-Integral-Derivative (PID) con- following or goal-seeking behavior, the input comes
troller given by from the active stereo vision system, delivering the

3D position of the target person, whereas the obstacle

/ T F T ’ avoidance behavior uses exteroceptive sensor data to
u? = Kpep + Kl?s > e+ Kaz(ex—ex1)+ ub find a path without colliding with obstacles.
K3 i=0 S

wheree, is the estimate of the azimuth angle at time 4.2 Hybr'd behavior based

k as delivered by the particle filtee, = ;. The navigation controller
parameters<,, K;, Kq, T;, Ty are design constants
andT} is the sampling period. We also exploit a hybrid architecture used for moving

in human-centered environments (Nuttin et al., 2003).
This architecture consists of a deliberative and a re-

4 ROBOT NAVIGATION active part. In this way, the advantages of both ap-
proaches are combined. The robot is able to reason

. . . about how to reach a certain goal position, taking a
Two behavior-based architectures for robot naviga- goa p 9

. - : riori knowledge about the environment into account
tion are presented here. The general idea behlndp g

. . ~if this is available. At the same time, it is able to re-
behavior-based approaches is to decompose a task i

simpler tasks that are easier to implement and test.
The challenge of this approach remains in how to
combine these different subtasks such that the global

t_ask is executed in a robust_man_ner. The rob_ot naViga‘developed for this goal, as in (Waarsing et al., 2003).
tion problem can be subdivided into two main parts: Figure 5 depicts the proposed architecture. The

e How to reach the goal location? navigation module as a whole calculates the linear

et very quickly to unmodeled obstacles in the envi-
ronment, by adopting a more direct coupling between
sensors and actuators. A multi-agent framework in
which behaviors can be specified conveniently was
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Robot Position
3D Goal Position Planner
Vv, ®
le, Ay, AB
Odometry : Behavioral
Exteroceptive execution
sensors

Figure 5: Hybrid behavior based navigation controller

Figure 7: Target tracking results: the white ellipse indicates
the goal which is tracked, the small circles represent the
different particles of the particle filter. The columns show
Figure 6: The Nomad200 and wheelchair with the active (1,2) stereo head tracking, (3) robot advancing to the target.
stereo vision system

velocity and heading direction andw of the robot,
given the current robot location:(y, 6) and its un-
certainty, the robot’s global goal given by the active
vision module, the measured ranges from the exte-

roceptive sensors, and the odometry values. During The results of the person following application are

navigation, a global planner and a behavioral execu- jllustrated in Figure 7. With a number of = 70 par-

tion unit co-operate. ticles andB = 8 x 8 x 8, the system is able to run in
real-time. As can be noticed, the tracker succeeds to
aim the stereo head towards the target person, with-
standing illumination changes and even though the

5 RESULTS AND DISCUSSION movement of this person was not easily predictable.
The robot navigates towards this person while avoid-

The overall control strategy was tested on a No- jng the obstacles on its way to come to a stop 2 meters
mad200 robot, which is a pure laboratorial robot used in, front of the person.

for testing purposes. As such, the experimental results

which are shown in this section, are obtained with  To assess the ASVM'’s performance as to the target
this robot. For more real-world applications, we make range estimation, we conducted an experiment where
use of a mobile wheelchair platform. Both mobile ro- a colored object is rotated with constant angular speed
bot platforms are shown in Fig. 6. For this research in a plan parallel with the ground and at a height cor-
project, we developed a totally independent stereo vi- responding to that of the stereo head. In this case, the
sion platform consisting of a PC, with a small LCD range varies in a sinusoidal manner (see Figure 8). At
screen. On top of the platform, a Biclops stereo head the beginning, there is a short stationary period nec-
is installed, carrying two high-resolution Pulnix color essary for the ASVM to center the target in its field
cameras. The whole system is totally self sustainable of view. Note that the target range is tracked quite
as it runs on its own power resources (six 10Ah bat- accurately, with a small lag.

teries). The stereo vision platform can be seen on top
of the Nomad robot in Figure 6, while a model of the
stereo vision subsystem is shown in Figure 1.
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