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Abstract. We present two approaches to the motion planning problem for car-like
robots using an extended Kohonen Self-Organizing Map (SOM). No prior knowledge
about the positions of obstacles is assumed. We incrementally build a path from the
starting point of the robot towards the goal, using the SOM as a situation-action map.
The first approach uses a trial and error strategy to train the SOM. This method is
simple but is not always able to escape from dead-end situations. As an improvement
a new training-algorithm is proposed that uses edge detection on the visible objects to
generate possible motions. Backtracking is used to choose from different possibilities.
Experiments show that this new method realizes a considerable increase in performance
and speed.

1 Introduction

When building autonomous robot-systems an important problem to solve is the motion
planning problem: given a robot R and an environment with a set of obstacles, find a path
from a given source to a given goal such that R can move along the path without colliding
with obstacles. Many approaches to this problem have been proposed [3]. Recently, neural
network techniques have been applied in various ways to solve motion planning and related
problems in robotics [1, 4, 5, 6, 7]. In particular, the Kohonen Self-Organizing Map (SOM)
[2] has been used to create a map of the free space of an environment [5, 7].

Many known techniques require complete knowledge about position and shape of every
obstacle and are therefore not applicable in situations where such prior information is lacking.
We describe a new approach to solve the motion planning problem in R?, with only locally
acquired information about obstacles. The only type of sensing we require is that the robot
is able to determine the distance to the first obstacle in a number of directions, defining the
visible area, plus the direction to the goal.

In this paper we consider a special class of robots called car-like robots [3]. These are
robots that have non-holonomic constraints: they can only move forward or backward while
making a curve with a bounded radius, in the same way as real cars. Car-like robots are
particularly interesting for our approach because of their restricted set of motions. Our
method will only plan forward motions for the robot (backward motions are only used for
backtracking). Hence, sensing the visible area in the forward direction is sufficient.

In the simplified case of a point-robot with unlimited motions, the interesting motions
can be determined directly by considering local maxima in distances to the first obstacle [6].
With car-like polygonal robots calculating the set of possible motions and extracting a small
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Figure 1: Difference between the actual situation and that of the bmu.

number of interesting motions is much harder. A SOM will be trained to combine these two
steps in one single computation.

2 Learning Situations

We use the SOM as a self-organizing, adaptive look-up table of situations [1, 4], where each
unit v in the SOM has a codebook-vector w, (input-vector) as well as a datastructure o,
(output-value). The input-vector w, will represent the situation associated with unit w,
described by the distance to the first obstacle in some fixed number of directions and, in the
next section, the direction to the goal. The output-value o, associated with each unit can
be anything from one preferred direction to move in, to a list of possible motions (described
as arcs with a certain length and curvature). Given the current situation, the best matching
unit can be determined, and the output-value 0y,,, now determines the possible actions.

Training of a representative set of situations has been tested in various typical environ-
ments. The results of such training in an environment with large convex blocks are illustrated
in fig 1. The left picture shows an example situation with the best matching situation stored
in the SOM drawn as a thick line. The graph on the right shows the mean squared error
between the situation of the bmu and the actual situation, as a function of the network-size
(e’s). For symmetrical robots, considering the mirrored situations as well reduces the overall
error (x’s) as expected.

3 Method 1: Trial and Error

This section describes an on-line, unsupervised training approach to the motion planning
problem. It was proposed by Heikkonen et al. [1] as a simple trial and error scheme which
learns to avoid obstacles. In the original paper no specific shape or restrictions on motions
were assumed. We have tested the approach for a rectangular car-like robot. It turned out
that, contrary to the claims made in [1], the method is only successful in simple environments.



The robot moves in an unknown environment, controlled by the SOM. When a collision
occurs, the robot will backtrack a fixed number of steps, after which the situations leading
to the collision are trained to the SOM, together with corrected actions that will lead the
robot away from the obstacle.

The input-vector of the SOM consists of distances in n forward directions, and a direction
« towards the goal, where negative values indicate directions to the left of the robot. The
output-value consists of just a single value 3, the preferred course to take relative to the goal
direction. Initially, every unit has an input-vector of n random distances and a = 0°. The
output-value is just 4 = 0°. This means that initially in any situation the robot will try to
go straight towards the goal. At every step the robot measures the current situation and
uses Fymy + a as the preferred direction to move in. It moves a small step forward along an
arc turning towards [, + «, thus respecting the non-holonomic constraints.

To detect collisions, the robot is equipped with two detectors on the front, one on either
side of the robot. When a collision occurs, the robot will take back m steps. The situation-
vectors and associated actions of these m steps are trained to the SOM, with a correction-
term +A(k), depending on the side and the time till collision, added to the actions.

The algorithm has been implemented, and a number of experiments in different simulated
environments were performed. We asume sensory data to be noise-free. A SOM of 10 x 10
units arranged in a rectangular lattice was used in accordance with [1]. The system was
capable of learning simple problems involving convex obstacles with sufficient free space
between them. Also, the system could generalise between different environments as long as
the encountered obstacles were similar. Typical runs after being trained took approximately
30 seconds.

In more critical situations with not much space however, the accuracy was too low to
result in collision-free paths. Apart from the inaccuracy caused by the discrete nature of the
SOM, a number of problems, specific to the described approach can be distinguished:

1. There is no way to store alternative actions for use in a backtracking-scheme, because
the SOM only provides one solution for each situation.

2. A decision problem will be evaluated several times (possibly leading to contradicting
actions), because the robot makes tiny steps. For example, when deciding to pass an
obstacle on the left or right, either decision will only be correct as long as the system
adheres to it.

3. The training algorithm is incorrect in cases where the robot is faced with a non-convex
obstacle.

4. The training of the output-value is incorrect in situations with multiple options. If two
similar situations with different actions are trained to the same unit, then the resulting
action will probably not be correct. (In fact [1] describes training both the actual
and mirrored situation-action pair, which may lead to erroneous results in symmetric
situations with asymmetric actions).

5. Learning from mistakes leads to conservative solutions. The robot tends to stay in
open spaces, avolding denser parts of the environment.



Figure 2: Generalisation from one environment to another.

6. The algorithm is slow, both during training and testing, because only tiny fixed steps
are made and only part of the time is spent on training.

It turns out that the method behaves worse than a simple potential field approach without
backtracking [3]. Hence, it is not very practical.

4 Method 2: Edge Detection

We propose a new method of assigning the appropriate actions to the set of prototype
situations stored in the SOM. The method uses a process of 1-dimensional edge detection to
generate a set of edges in the large set of possible motions. By edges we mean those motions
in the full range of possible motions that represent the separation between colliding with an
obstacle, and just passing it. The edges provide knowledge about the position of obstacles,
and can be used to generate a small set of motions which avoid these obstacles. By finding
a set of motions instead of a single motion, we hope to overcome the problems of traditional
reflexive methods such as potential field methods [3].

We start by positioning the robot at random configurations in a (simulated) training-
environment and use the associated situations to train the SOM, as explained in Section
2. After training we consider each prototype situation w, and compute a large number of
motions in w,. The robot is moved along arcs with a range of curvatures, and the distance
it can travel before colliding is recorded. A set of edges can be generated by identifying big
jumps in the distances of travel /;, We distinguish between positive (+) edges and negative
(—) edges, which indicate the left and right side of an obstacle, respectively. The edges can
be calculated by first applying a smoothing filter to the distances [;, and then the actual
edge detection-filter:
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Figure 3: Non-convex obstacles with different robot-shapes.

where ¢€; are the smoothed values and f; the final edge-values.

To locate the edges in the list of edge-values f;, we first distinguish segments in the list
that have an |f;| > 6 where  is some threshold-value. Of each of these segments the absolute
maximum is reported as an edge. For the final set of possible motions we report a motion
between every adjacent pair of edges, except for the combinations (—,4) which indicate an
obstacle. So for each situation we get a set of a few (typically < 3) possible motions. The
notion of reporting motions between edges corresponds to using local maxima as described
in [6], only generalised to the case of car-like polygonal robots.

Finding a path is now done by searching the environment in a depth first manner, guided
by the SOM. In a given situation we sort the possible motions associated with the brmu with
respect to the difference in resulting orientation of the robot and the goal-direction and try
the best option first by following (part of) the arc stored. Once the goal is reachable by a
direct arc, the search is terminated.

Instead of just using the edge detection method to train a SOM, we can also apply
it to guide the robot directly. This will give more accurate results, but computation will
become rather inefficient. The SOM-based method can perform faster by doing a form of
preprocessing.

The approach has been tested on a number of environments, with a variety of robot sizes
and shapes. Some examples can be seen in Figs 2 and 3. Fig 2 on the left shows a training
environment for a 20 x 20 SOM, together with a path computed using the SOM. Fig 2 on
the right shows the ability of the SOM to generalise to a different environment. Mirrored
situations were included to improve accuracy. Computing runs in these environments took
0.1 seconds on average. Training was rather slow (25 minutes) but we expect that this can
be improved considerably (we plan to work on this in the near future).

Fig 3 shows the results on an environment with non-convex obstacles. On the left a SOM
of 20 x 20 units was used, resulting in an average computing time of 0.4 seconds. A larger
SOM (30 x 30) was needed to guide the robot in the environment in fig 3 on the right in 1.0
seconds on average.



The same tests were done using the edge detection method to guide the search in a
direct way (without using the SOM). Although the resulting paths were more accurate, the
computation-time increased with a factor of more than 70. If a path of a robot is to be
planned before actually performing the motion, then the choice of using a trained SOM is
clearly more favorable. If planning should be on-line then having to backtrack less often
will be preferable because the actual time needed to move the robot will dominate the time
needed for planning.

5 Conclusion

We have proposed a new approach to motion planning using neural networks, which improves
the algorithm described in [1]. The new algorithm has a number of advantages, most impor-
tant of which are: backtracking from dead-end situations, a separate training-phase which
guarantees correct training, applicability in both on-line planning and off-line planning, and
a considerable improvement in efficiency.

Incorporating the difference between the current situation and that of the bmu as a
calibration, or combining the two methods are promising topics for future research.
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