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Abstract. In this paper we describe a method for modeling the en-
vironment of a mobile robot. Recently a number of methods have been
presented which implicitly model the environment as the relation be-
tween the robot position and the sensor observations instead of using
an explicit geometric ‘CAD’-like representation. Localization now is a
sort of lookup process. We go one step further, and show that if range
information is available, the number of prototypes which is needed to
model the environment is reduced drastically.

1 Introduction

An internal representation of the environment is needed for optimal mobile robot navi-
gation. Traditionally such a model is represented as a geometric model in the task space
of the robot, indicating admissible and non-admissible areas. The robot has to know
its location within such a model. Odometry is accurate on short distances but fails
to give an accurate position estimate if longer distances have been traveled. Sensors
which observe the environment have to be used for localization. One approach is to
find the location which has an optimal fit between the sensor measurements and the
global model (model matching methods). This approach requires an extensive modeling
which is only feasible if sufficient prior knowledge about the environment is available.

Other methods try to model a direct relation between the location of the robot
and the observations. Since no geometric model of the environment is built, but only
a model of the sensor values (‘appearances’) as a function of the robot position these
methods are often called appearance based methods. The building of such a model
requires a data set consisting of a large number of observations and corresponding
robot positions: the method is a supervised method. Recently much work in this are
has been presented. Probabilistic models [9, 5] have been proposed, neural networks
[7], radial basis functions [10] or look-up tables [1]. The observations could be visual
6, 8, 4], range scans [1] or linear or nonlinear features derived from these.

The problem with supervised methods is that the robot has to be positioned at
a large number of known positions. A solution to this problem was presented in [1],
where based on a number of measured range scans, new ‘synthetic’ scans were generated
using the measured data. This can be done by first constructing a ‘composite’ scan,
which is then re-sampled to construct synthetic scans. All these synthetic scans are
now used to build the model on the basis of which the localization can take place. Note
that -although the dimensionality of the measurements is reduced with a Principal
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Figure 1: Convex room with the robot at the position (0,0). Right we see the range scan
taken from the robot, giving the distance to the nearest object as a function of the orientation
of the sensor. Zero degrees is in the direction of the positive X-axis. The circle in the left
figure depicts the estimated center of the room.

Component Analysis- all measurements have to be stored and many distances have to
be computed, particularly if a nearest neighbor method is applied.

We introduce a method to represent the environment of a robot with less examples.
The method is an unsupervised method, in which no information about absolute position
of the robot is used. The localization is always relative to some location which is denoted
as a prototype location. The method is based on the same principle that [1] used to
generate a dense field, with the difference that we do not generate synthetic scans but
we check whether a new scan, from an unknown location, can be derived from one
of a restricted number of prototype scans. First we will explain our method with a
localization task in a convex space, then we show that we can distinguish between
different types of convex spaces and finally we will will show the localization in a more
complex environment.

2 Convex spaces

We assume that the robot has available range measurements to nearest surfaces in the
environment. These can be obtained with for example optic flow (taking two images
at different positions), ultra-sonic range sensors or laser range sensors. The latter
are rather common and provide a one-dimensional range scan. Suppose we have such
a sensor which provides a scan r consisting of R range measurements taken under
equidistant angle.

In appearance-based methods, the model of a convex room as depicted in figure 1
typically consists of a large number of stored scans and corresponding positions ([1] use
2880 scans per square meter, we have done experiments with about 100 image-position
pairs per square meter [5]) . However, for a convex room a single range scan, taken
from an arbitrary position in that room, provides all the information about the shape
of the room (which can be used to tell the robot in which room it is) and about the
robot’s position relative to the center of the room.

Instead of representing the room with many prototypes we represent the room with
a single ‘prototypical’ range scan, taken from the center of the room. Two questions
have to be answered:



— How can the center of the room be estimated from a range scan from an arbitrary
position?

— How can we warp this range vector to the scan which would have been perceived
from the center of the room?

2.1 FEstimation of the center point
Suppose the convex environment is represented by some area G-
G : {a,y|f(z,y) < 0}. (1)

As the center of the room we define the expected value over all admissible values. For
the x this is:

e = //wf(w,y)dwdy
= %/G/xdxdy (2)

We can write the convex room in polar coordinates:
H :{r,¢lr <r(¢),0 < ¢ < 2m}. (3)

so that for the expected z we can write (using z = r cos ¢ and a change of integration
variables):

1
My = Z/H/rcos ordrdeo
1 2 rr(d) 9
= —/ / redr cos ¢do
Ao Jo

- % /0 o %r(qsf* cos ¢dg. (4)

If we have R uniformly distributed range measurements with an interval A¢ we can
approximate this with

73 cos ¢; Ap. (5)
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1 R

In the same way we can estimate p,. In figure 1 the estimated center of the room is
depicted derived from a range scan based on 36 range measurements taken at intervals
of 10 degrees. So for convex rooms the robot can determine its location relative to the
center of the room from a single range scan.

2.2 Scan warping

Now we know the relative position of the center of the room we can warp the range
scan taken from an arbitrary position to the range scan taken in the center. First we
write the R range measurements as points in the coordinate system of the robot. We
then write these points in the coordinate system with i, 11, as origin (this is a simple
translation) and then we linearly interpolate and re-sample to get an equidistant range
scan.
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Figure 2: a.) The same room as the previous figure and 50 random positions. b.) 50 range
scans from those positions. c¢.) The warped range scans.

In figure 2 a. we see the same room as in figure 1, with the dots depicting 50 random
positions in the room. Figure 2 b. shows the range scans taken from these positions.
Figure 2 c. shows the warped scans. We see that all scans are warped to approximately
the same prototypical scan. Some problems with warping arise if the robot is positioned
very close to a wall (see Figure 2 a). Because in these situations the sampling of the
‘opposite’ wall is very sparse the interpolation between the warped range measurements
causes inaccuracies.

3 Localization: “Where” and “what”

Suppose the environment now consists of a restricted number of convex spaces, as shown
in figure 3a. (Note that this is not a very useful environment because the robot can
not go from one room to another, but it is for illustration). If the robot has to model
this environment the only thing it has to learn are the prototypical range scans for each
individual space.

In a learning phase we randomly choose a position in the room, estimate the center
of the room and warp the range scan to the prototypical scan. Next we again select a
random position and compute the warped scan. If the difference between the two scans
is below a certain threshold we believe that the two positions are in the same convex
room and the prototypical scan and the center of the room remain the same. If not,
the robot is believed to be in a new room and a new prototype and center is defined.
Figure 3b. shows the warped scans from the positions in the left room while c. shows
the warped scans from the positions in the right room. They clearly differ. In this case
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Figure 3: a.) Random robot positions in two separated rooms. b.) The warped scans from
the positions in the left room . c.) The warped range scans from the positions in the right
room.

we found two centers (depicted as circles in figure 3a.) and two prototypical scans.

Localization now involves two steps: first it detects where (relative to the center of
the room it is), and subsequently (after warping its range scan) detects what room it is
in.

4 More complex environments

As discussed in the previous section most realistic indoor environments do not con-
sist of a collection of separated rooms but have connections between the spaces, which
introduce non-convexities. An example is given in Figure 4. We followed the proce-
dure described in the previous section to model this environment: about 150 random
locations were generated and prototypical scans and their positions were derived from
the data. The centers (the locations of the prototypical scans) are shown as small cir-
cles. We see that two of the prototypes are placed in the center of the two parts of
the environment. However, the algorithm also places prototypes near the connection
between the two parts. Near this connection the changes in the range profile can not
be contributed to one single convex space and new prototypes are needed.

5 Navigation

The goal of the robot is usually to move to some sort of desired state. Because we work
with an unsupervised method we can not express the desired state as a position in an
absolute coordinate frame. We have to express the desired state in the sensor domain.
From the desired state (for example desired range scan) we can derive the desired part
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Figure 4: A more complex environment. The positions of the prototypes are depicted as small
circles.

of the environment where the robot has to go to (desired prototype). We also know the
actual sensor state of the robot and thus the actual prototype. For navigation we need
to know the topological relations between the prototypes. Or, more accurate, which
actions need to be taken to get from one prototype to another. This can be estimated
in the learning phase by navigation of the robot. We used a similar method (Markov
Decision Process) in our earlier work [3] which gave good results.

6 Discussion

The main idea behind the paper is that, because we have range information available,
we can predict range scans at other locations. We showed that by this procedure we can
describe convex rooms with a single range scan and do not need some learned model
which gives the relation between robot displacement and changes in the sensor domain:
all information s in the range scan. The idea works perfect in convex spaces but not
perfect in realistic non convex spaces. We are now investigating whether approaches
from computational geometry (for example the ‘visibility skeleton’, presented in [2])
can be used.

The main interest in our group is visual navigation, for which we use panoramic
images from an omnidirectional vision system [5]. In our earlier work we used visual
representations which had to store many images. From this paper it is clear that if we
have range information, a single omnidirectional image represents all information in a
convex room. Our current work focusses on a representation of an environment which
consists of a number of prototypical images and range vectors, and where we can use
visual homing as navigation technique.
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