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In this chapter we report application of neuro-fuzzy control to sonar based
collision avoidance of our TRC labmate robot, Figure 5. To this end, we will
first provide the reader with a brief overview of existing concepts of neuro-fuzzy
control and then present our own approach based on Radial Basis Functions.
This particular Fuzzy-RBF (FRBF) approach is innovative w.r.t. three aspects
of neuro-fuzzy control. First, it alleviates the covering problem in fuzzy control,
i.e. the problem of an exponential growth of the number of rules with the
dimension of the input space. Second, it provides a means for exact interpolation,
i.e. inspite of overlapping membership functions the output of the controller can
be guaranteed to take the value of the i-th rule if it has degree of fulfillment one.
Finally, by using DCS, [1], instead of RBF networks, output calculation of the
controller is very fast on average, since only a few rules (the best matching ones)
are evaluated on presentation of an input to the controller.

Utilizing FRBF-based controllers we then present two solutions to the col-
lision avoidance problem faced by mobile robots. The first one is a reactive,
behavior-based approach in which collision avoidance is implemented as an in-
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dividual high priority behavior. In such an architecture the behavior selection
problem must be solved, i.e. in what situations which behavicr has to take over
control. Consistent with the fuzzy approach we use a fuzzy blending scheme
based on a “pain” function. In our second approach to sonar-based collision
avoidance we avoid typical deadlock problems by a closer interaction between
higher level tasks and FRBF-based collision avoidance as well as by more ad-
vanced feature extraction. Here the task of the controller is to safely follow the
freespace direction.

A chapter on neuro fuzzy control would not be complete without a demon-
stration of its learning capabilities. These are illustrated in Section 4, taking
reinforcement learning of collision avoidance as an example.

Since reactive approaches to collision avoidance based on sonar sensors only
work if highly erroneous readings caused by crosstalk, bad reflection properties
of the environment and shielding problems of the sensors can be eliminated, we
finally present a sensor pre-processing method based on sensor grouping and
a modified extended Kalman filter algorithm. This easy-to-implement method
works very well in practice and is compatible with most existing approaches to
fuzzy collision avoidance.

1 Neuro-Fuzzy Control

According to a classification put forward in [2] there are two principal approaches
to neuro-fuzzy control. The first one is cooperative neuro-fuzzy control, in which
the fuzzy controller and the neural network remain seperated, the second one is
hybrid neuro-fuzzy control, in which the fuzzy controller is realized as a neural
network. In cooperative neuro-fuzzy control as e.g. employed in [3] the neural
network is used for off-line generation of the membership functions or linguistic
rules from training data, typically by clustering the data, or the network is used
for online adaptation of membership functions or the weighting of rules in the
fuzzy controller.

In this chapter emphasis is on hybrid neuro-fuzzy control. In particular,
we exploit the functional equivalence between a restricted class of Sugeno-type
fuzzy controllers and Radial Basis Function (RBF) networks as observed in [4]
and explained in Section 1.1. Utilizing this equivalence, prior knowledge in form
of fuzzy rules can be used to prestructure and initialize an RBF network. The
latter can then be trained and refined on training data, and the result of training
can reversly be interpreted as fuzzy rules.

While theoretically simple, RBF-based hybrid neuro-fuzzy control has a num-
ber of practical problems. These problems are alleviated by extending RBF
netwoks in a way described in Section 1.2, resulting in Fuzzy RBF networks
(FRBF). The applicability of this approach is demonstrated in Section 2 and 3,
and its capability of learning in Section 4.
























































































