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Abstract
This paper reports on a navigation system for robotic manipulators. The control system
combines a repelling in#uence related to the distance between manipulator and nearby
obstacles with the attracting in#uence produced by the angular di!erence between actual and
"nal manipulator con"guration to generate actuating motor commands. The use of fuzzy logic
for the implementation of these behaviors leads to a transparent system that can be tuned by
hand or by a learning algorithm. The proposed learning algorithm, based on reinforcementlearning neural network techniques, can adapt the navigator to the idiosyncratic requirements
of particular manipulators, as well as the environments they operate in. The navigation method,
combining the transparency of fuzzy logic with the adaptability of neural networks, has
successfully been applied to robot arms in di!erent environments.  2001 Elsevier Science
B.V. All rights reserved.
Keywords: Reinforcement learning; Behavior; Fuzzy logic; Navigation; Robotic manipulator

1. Introduction
In everyday life, we move e!ortlessly through rooms "lled with large numbers of
odd-shaped obstacles. We "nd a chair to sit on, a cup to drink from * all without
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a moment of hesitation. Developing a robot with the same kind of #uency in its
dealing with the environment is a tremendously challenging task.
Unlike many other tasks that seem trivial to human beings but are beyond the
capabilities of current technology, navigation tasks, such as goal reaching and obstacle avoidance, are tasks for which speci"c rules can be written down. We claim that
using this feature is bene"cial to solve these tasks e!ectively. The fact that rules can be
written down for the accomplishment of a task leads naturally to a rule-based system
with which to tackle these tasks. In contrast to the black box nature of neuralnetwork-based systems, a system based on rules has the advantage of transparency
and interpretability. Furthermore, prior knowledge about the tasks can be incorporated into the rule base whereas such an initialization is cumbersome in a neural
network. Prior knowledge of a problem domain is, however, seldom enough to build
a system that can e!ectively deal with idiosyncratic requirements or changes in an
environment. Neural networks have been used in navigation and control applications
to deal with such problems. Powerful learning algorithms based on theories of
neurobiological control [2] have been devised that allow neural nets to change their
behavior in response to a changing environment. In the method for navigation we
propose in this paper, we combine neural and fuzzy techniques. This introduces the
#exibility and adaptability of neural networks into the more rigid rule-based fuzzy
system that captures the basic, unchanging, aspects of the problem domain. We
believe that this hybrid neuro-fuzzy approach to control is a fertile direction for
research into transparent yet adaptive control systems.
Fuzzy logic was invented to reduce and explain system complexity. Zadeh was
concerned with the rapid decline of information extractable by traditional mathematical models with increasing system complexity [22]. Much of this complexity stems
from the way in which the variables of a system are represented and manipulated.
Since traditional variables could only represent the state of a phenomenon as either
existing or not existing, the mathematics necessary to evaluate operations at boundary states or gray zones become increasingly complex. In fuzzy logic this problem is
tackled by reasoning in linguistic rather than numerical terms. This reduces the
complexity of the description and can thereby increase the level of understanding. For
engineering purposes, the use of fuzzy logic simpli"es the communication between
experts that know the problem domain and experts that build a control system to
cope with the problem domain. Moreover, a fuzzy linguistic representation usually is
a more accurate re#ection of the knowledge a control system has about its noisy
environment.
The design goals we aim for in this paper are threefold. First, we aim to develop
a system that can deal with the real-time requirements of robotic manipulation. Such
speed is usually gained at the cost of the inability to "nd a solution in every
circumstance. This problem of local minima is a serious one and we will not solve it in
any generality. We will, however, suggest some possible approaches in the discussion.
The related second goal is to develop a system that scales well with the addition of
further degrees of freedom. Local calculation of solutions and a minimum of communicational overhead are required for this. Thirdly, we aim for a transparent design.
Being able to assign a speci"c role to the various parts of the navigator not only allows
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a human engineer to understand and adapt the system, it also allows a learning rule,
based on neural reinforcement learning, to operate and generate a working system.
In Section 2, we discuss how a navigation system for robotic manipulators can be
based on fuzzy logic. The intuitive prior knowledge about the domain of goal reaching
and obstacle avoidance as well as some trial and error procedures are used to develop
a rule base that can be used to steer the MA2000, an experimental manipulator. The
results in Section 4.1 show that the non-adaptive, rule-based system copes e!ectively
with the kinematic requirements of robot navigation. The navigator has been tailored
to carry out a particular task, but the controller generalizes well as long as the shape
of the manipulator and the surrounding environment stay within certain bounds.
However, greater changes in the environment or in the manipulator itself can
drastically cut down the performance of a navigation scheme. Humans in such
a situation (for example those whose limbs become permanently or temporarily
impaired) will quickly adapt their control system to cope with the changed `manipulatora. Also, humans can adapt to a change in environment with ease. In Section 3, we
show how the navigator can be made adaptive by adding a mechanism based on the
reinforcement learning paradigm [3]. This neural network learning mechanism allows
the rule base, or rule network, to adapt to new environments as well as to changes in
the requirements or to physical restrictions of the manipulator. Simulations using the
adaptive navigator are presented in Section 4.2.
1.1. Related work
In developing our navigator, we were "rst of all in#uenced by Khatib's obstacle
avoidance method which is based on an artixcial potential xeld [8]. Khatib computes
an arti"cial potential "eld that has a strong repelling force in the vicinity of obstacles
and an attracting force produced by the target location. The superposition of the two
forces creates a potential "eld which incorporates information about the environment.
Following the steepest gradient from a start position, a path is usually found that
guides the robot to the target position while avoiding obstacles [11]. In our approach,
the amount of computation that is required is reduced by using only the nearest
obstacles to determine the direction of motion, while in most implementations based
on Khatib's potential "eld method every obstacle is utilized for the computation of
a new force vector. This restriction is a choice for speed rather than completeness and
is determined by our design goals.
Khatib's method may fail to "nd an existing path to the goal. This problem which is
inherent to all local navigation methods is called the local-minima problem [11].
A possible solution for this problem is suggested in Section 5.
Secondly, the system described here is also related to the subsumption architecture
developed by Brooks [4]. The main principles of his work are a collection of modules
which are interconnected on di!erent layers with di!erent hierarchies. These modules
are for example wall following, obstacle avoidance, goal reaching, etc. Depending on
sensory input, a module becomes active and generates a command for the robot [4].
While Brooks' system resembles an expert system where for any input signal one
speci"c reaction module or a speci"c combination of modules is active, the fuzzy
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approach is a parallel processing approach and each input contributes to the "nal
decision.
Thirdly, our navigator can be seen as a behavior-based or reactive system which
possesses knowledge * implemented by a human designer or/and induced by a training algorithm * on how to react by using information about the nearby environment
[20,13]. Such a robot navigator is confronted with a variety of tasks and a large
number of sometimes con#icting soft as well as hard constraints. The designer of the
rule base or the learning algorithm has to tune the system such that it integrates the
di!erent aspects of the navigation problem at hand in the best possible way [13]. Due
to the transparent nature of the control system, this tuning is simpli"ed in the
approach we describe here. Tuning, be it of the rule base or the learning algorithm,
nevertheless remains an important aspect of the development.
Finally, we will be discussing a reinforcement learning mechanism. This is di!erent
from the `traditionala reinforcement learning as applied to mobile robots [19,5]. In
those approaches, the robot is represented by a point in a grid. The robot moves in an
obstacle-cluttered environment and is rewarded for "nding the goal. With time the
robot builds up a map of its environment which it can use for path planning.
Eventually, this map will give a complete description of the environment. These
map-building approaches commonly su!er from the long time spent on exploration
and tend not to be e!ective in dealing with dynamic environments. In contrast to this
approach, our method is fast and, thus, suitable for real-time navigation. On the
negative side, our method may get stuck in a local minimum and may occasionally be
unsuccessful in "nding the desired goal con"guration. See Section 5 for a further
discussion.
The use of fuzzy-based systems, similar to our reactive system, has recently attracted a great deal of interest in those research communities which focus on the
development of autonomously guided vehicles and intelligent mobile robots
[6,20,13,9,15}17]. Those fuzzy-based navigators provide a mobile robot with an
intelligent behavior in reaction to the nearby environment by combining the competing functions of goal following and obstacle avoidance.
Although the focus of this paper is on the simulation of the neuro-fuzzy navigator and an investigation of its learning capabilities, we have shown in recent papers
that the fuzzy navigation principle can also be applied to real-time manipulator
systems [1,2].

2. The non-adaptive navigator
Non-branching manipulators with revolute joints are widely used in industrial
applications. Even though these robots are still far from the complexity of the human
arm, they posit a non-trivial navigation problem. When developing a particular
navigation method it is important to realize that the method must be generally
applicable to have any real validity. We have developed our navigator with manipulators such as the PUMA-type and SCARA-type manipulators in mind to be able to test
our algorithms in a realistic environment. The manipulator investigated in our
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experiments is the MA2000 manipulator which has four degrees of freedom in its
current con"guration. This manipulator has kinematic properties similar to PUMAtype robot arms. Since the work described in this paper focuses on planar motions,
our results can be applied to PUMA-type as well as SCARA-type robot arms [11,21].
One of our aims is to develop a mechanism which allows navigation in real time.
This constraint would seem to rule out global path-planning algorithms that incorporate into their decision process the position of all obstacles and all manipulator
links [11]. Such an approach would almost certainly fail to meet the real-time
requirement for multi-joint manipulators in densely populated environments. To
lower the cost of scaling-up the number of joints as well as the number of obstacles,
our navigation method is based on local information. Firstly, each link movement is
controlled by a separate, local, navigation unit, which is mainly in#uenced by the
position of obstacles in its immediate vicinity and the goal con"guration. Secondly,
any exchange of information between di!erent link units is kept to a minimum.
Each of the navigation units, which individually control a link, receives two main
inputs. Firstly, the distance between the link and the nearest obstacle, and secondly,
the angular di!erence between the current link con"guration and the target con"guration. The output variable of such a navigation unit is a motor command which is sent
to the joint motor of the corresponding manipulator link. All variables take on
positive as well as negative values and therefore provide information about the
magnitude as well as the sign of displacement relative to the link * left or right. The
motor command is fed to the motor at each link move (Fig. 1 and [1]). To calculate
the distance to an obstacle, only those obstacles that fall into a bounded area
surrounding each link are considered. In the current implementation these scanning
areas are chosen to be of rectangular size (Fig. 1). The rectangular scanning areas

Fig. 1. A 3-link planar robotic manipulator connected to fuzzy navigation units. The shaded areas depict
the obstacle scanning areas. If no obstacle is detected inside the scan area, the navigation unit is informed of
an obstacle in the far distance.
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are a model of the space scanned by ultra-sonic sensors attached to both sides of a
link [14].
A unit has to produce an appropriate motor command from the sometimes
contradictory inputs. On the one hand the unit has to lead the corresponding link to
its goal position, on the other hand it has to force the link to back-up when
approaching an obstacle. From our intuition or common sense knowledge, we can
write down rules that capture this decision logic well:
E If an obstacle is right and the goal is close left then make a small move to the left,
E If an obstacle is very close left and the goal is left then make a big move to the right.
Using intuition and expert knowledge, it is not di$cult to write down a multitude of
such rules describing the di!erent manipulator scenarios. The power of fuzzy logic is
that it can translate these intuitive rules into constructs for the development of control
systems [17]. During the development of the proposed navigation system, maximum
possible use of prior knowledge of the problem domain can be made. Although the
interaction of a `multitude of rulesa produces e!ects that are not represented in any
rule alone (emergent phenomena), the individual rules give a good indication on how
the overall system functions and a good explanation on why the manipulator moved
the way it did. This is in stark contrast to highly distributed control systems such as
neural networks.
The local units operating on their own are not very likely to come up with the
ideal solution to the navigation problem at hand. Some form of communication
between the units is required for navigation through a complex environment. We
investigate two approaches with respect to the inter-link communication. In [1,2],
a system was introduced in which the units of proximal manipulator links (links which
are close to the base) have additional inputs which are connected to the fuzzy outputs
of more distal links (links which are distant to the manipulator's base). In Fig. 1, the
inter-link communication is shown by lines that connect units of distal links with
those units corresponding to proximal links. Using these extra connections, the
movement of the proximal links also depends on the immediate environment of the
distal links. For example, a close-by obstacle not only makes the particular link
dodge, but also forces the more proximal links to join the evading maneuver. This
approach provides robust performance, especially regarding the avoidance of collisions between obstacles and distal links despite fast progression of more proximal
links. However, the number of rules to be set up for the unit of proximal links can be
large and di$cult to manage. This approach has been used for the non-adaptive
navigator [1,2].
A di!erent inter-link communication has been adopted in conjunction with
the adaptive navigator. In this approach, the number of inputs remains two for any
link unit. The "rst input describes * as before * the di!erence between current
con"guration and goal con"guration. As second input, the ith unit receives
`min(distance(l ), distance(l ),2, distance(l ))a, where n is the number of links. As
G
G>
L
an example, consider a two-link manipulator: whenever the distance between any one
obstacle and link l is smaller than the distance between any one obstacle and link l ,


the navigation unit of l will also be in#uenced. Compared to the above approach, this
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approach further reduces the communication overhead, reduces the number of rules
for the navigation units of proximal links, and proved to be very robust.
2.1. The fuzzy algorithm
This section describes how common sense knowledge about obstacle avoidance can
be translated into the formal language of fuzzy logic. The rules such as the two stated
earlier in this section can be written as sentences with two conditionals and one
conclusion. This structure lends itself to a tabular representation as shown in Table 1.
This table represents our prior knowledge of the problem domain. Notwithstanding
the practical di$culties of translating this knowledge into a control system, we
consider it to be important to use this prior information. In a pure neural networkbased approach such prior knowledge would be di$cult to encode.
In fuzzy logic terms, the range of a variable is called the universe of discourse. To
translate Table 1 into fuzzy logic, the universe of discourse D that describes obstacle
distance d3D is partitioned by fuzzy sets A (d),2, A (d), where p is the number of

N
fuzzy sets. Each set A (d), k"1,2, p, represents a mapping A (d): DP[0,1] by which
I
I
d is associated with a number in the interval [0,1] indicating to what degree d is
a member of the fuzzy set. Since d is a measure of distance, `close}lefta, for example,
may be considered as a particular fuzzy value of the variable distance and any d is
assigned a number A } (d)3[0,1] which indicates the extent to which that
AJMQC JCDR
d is considered to be close}left [12,9]. Similarly, fuzzy sets B (), m"1,2, q can
K
be de"ned over the universe of discourse  that represents the angular distance to the
goal, !
"3. In contrast to the Mamdani controller, our Sugeno-type
R?PECR
controller [10,17,18] has an output set that is not partitioned into fuzzy sets (Fig. 2).
Thus, the rule conclusions consist of scalar actuator values C , j"1,2, r, where r is
H
the number of the rules.
A variety of functions can be employed to represent fuzzy sets. Here, we use
asymmetrical triangular and trapezoidal functions to describe the fuzzy sets A (d).
I
This choice is based on the fact that these fuzzy sets allow the fast computation that is

Table 1
A rule base for a single link of a manipulator. This rule base is a translation of the common-sense knowledge
of the problem domain into the language of fuzzy logic. Columns (A(d)) represent the fuzzy measures of the
distance to an obstacle, while rows (B()) are fuzzy representations of the distance to the goal. Each
element of the table can be interpreted as a particular motor actuation command
B()

far left
close left
contact
close right
far right

A(d)
far left

left

left small
left small
nil
right small
right big

right
right
nil
right
right

big
very small
big
big

close left

close right

right

far right

right
right
right
right
right

left
left
left
left
left

left
left
nil
left
left

left big
left small
nil
right small
right small

very big
big
small
big
very big

very big
big
small
big
very big

big
big
very small
big
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essential under real-time conditions. De"ning the parameters, ml and mr as the
x-co-ordinates of the left and right zero crossing of the trapezoids, and mcl and mcr as
the x-co-ordinates of the left and right side of the trapezoid's plateau, the trapezoidal
functions can be written as






max

A (d)" 1
I
max




d!ml
I ,0
mcl !ml
I
I

if d(mcl

I
if mcl 4d4mcr ,
I
I
if d'mcr .
I

(1)
k"2,2, p!1,
d!mr
I ,0
mcr !mr
I
I
Triangular functions can be achieved by setting mcl"mcr. At the left and right side
of the interval the functions are continued as constant values of magnitude one




1

A (d)"

and

d!mr
 ,0
mcr !mr







if d'mcr






if d4mcl ,
N

max

max

A (d)"
N

if d4mcr ,


d!ml
N ,0
mcl !ml
N
N

(2)

(3)

if d'mcl .
N

1

The fuzzy sets, B (), to fuzzify  are de"ned analogously. Fig. 2 shows the
K
fuzzy sets A (d),2, A (d) and B (),2, B ().

N

O
Each of the fuzzy sets, A and B , are associated with linguistic terms A¸¹ and
I
K
I
B¸¹ , respectively. Thus, the linguistic control rules R ,2, R , which constitute the
K

P
fuzzy rule base, can be de"ned as
R : IF d is A¸¹ AND  is B¸¹
THEN C¸¹ ,
(4)
H
I
K
H
where C¸¹ is a linguistic term associated with the actuator values C , j"1,2, r and
H
H
r is the number of rules.
The t-norm product operator gives a mathematical interpretation of the AND
operation:
G "A (d)B ()
H
I
K

"

   )
(
RU

A (d) * B ().
I
K

(5)

Finally, the output of a fuzzy unit is given by a weighted average over all rules (Fig. 2
and [10]):
P G ) C
¹" H H H .
(6)
P G
H H
Eq. (4) together with Eqs. (5) and (6) de"ne how to translate the intuitive knowledge
re#ected in Table 1 into a fuzzy rule base. The details of this translation can be
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Fig. 2. Schematic depiction of fuzzi"cation stage, decision logic and defuzzi"cation of a fuzzy controller
used for the robotic navigation task. The two inputs (`di!erence between actual and target positiona (d) and
`distance to obstacle positiona ()) are partitioned into a number of fuzzy sets. Two crisp input values are
indicated by `obstacle distancea and `target distancea. These input values activate the corresponding fuzzy
sets (shaded fuzzy triangles) which are then combined using the fuzzy product operator. In the next step,
two actions in the two-dimensional rule base (shaded squares) are activated. These two actions are
combined (weighted sum) to produce one crisp output. The crisp output represents an actuator command
which lies between `right very biga (0.5) and `right biga (0.3).

modi"ed by changing the number of fuzzy sets, the shape of the sets (by choosing
the parameters, ml, mr, mcl and mcr) as well as actuator value C of each of the rules
H
in Eq. (6).
As an example, a scheme that implements the knowledge embedded in Table 1 as
a fuzzy navigation unit is shown in Fig. 2. In this particular application, the number of
fuzzy sets which fuzzify the obstacle distance, d, and the distance to the goal, , are
chosen to be six and "ve, respectively. All other parameters have been re"ned either by
trial and error (Section 2.1) or by the reinforcement learning algorithm (Section 3.1).

3. The adaptive navigator
There are several reasons why the control system as it stands is not quite satisfactory. Most importantly, even though a rule base developed on the basis of intuition
leads to a reasonable performance in a simulated environment, mistakes would be
costly in the real world. The work in Section 4.1 solves this problem by modifying the
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rule base on a trial and error basis. Such an approach, however, soon leads to
intolerably long development times.
The second issue is one of #exibility. The rule base will be di!erent for di!erent
robot arms and there is no simple relationship between the rules that are e!ective for
one robot or another. For instance, navigators for a long and narrow or a wide and
short link are not simply related by a scaling of the rule base due to the con#icting
requirements of goal "nding and obstacle avoidance. This issue becomes even more
important when it is taken into account that many of these manipulators carry
di!erent loads at di!erent times. Such changes can signi"cantly a!ect the kinematics
of a robot (considering a load as an extension of the most distal manipulator link) and
would require changes in the rule base. Clearly, the development of a new rule base
for each new situation is not desirable.
A third issue concerns optimization of motion. Slow motion may be su$cient or
even required in some environments, but in sparsely populated environments the link
might as well take larger steps. This would lead to faster goal "nding which in most
situations will be seen as good performance. Faster movement, however, requires
a change in the rule base. Flexibility in the rule base is therefore also required to deal
with varying environments in an optimal way.
Within the fuzzy rule-based framework these issues are di$cult to deal with. Neural
network models, on the other hand, allow a control system to learn from its own
mistakes by evaluating its performance against a set of criteria and adjusting the
implicit knowledge of the (current) problem domain. The adaptive algorithm we
present is based on an actor-critic model [3]. These models divide an adaptive
controller in two parts. The "rst is the actor, which performs actions in response to
input from the environment. Depending on the changes in the environment after an
action, the critic will send a reward (or punishment) signal to the actor to change its
rule base such that the action will be more (or less) likely in the future. Here, the actor
is the original, non-adaptive navigator and the critic is the new mechanism that
adapts the rule base. The critic receives information from the sensors and can be
loaded with di!erent rules that determine whether a sensory input represents a desirable situation or not.
3.1. The neural learning algorithm
This section gives the formal description of the adaptation of the rule base. The
training algorithm described here applies to the rule base only (Table 1). By adding
this learning stage, the rule base becomes a more #exible structure that we refer to as
the rule network. The rule network is modi"ed every time the corresponding robot link
moves due to an actuator command from the navigation unit. This motion is referred
to as a training step in the following. The fuzzi"cation stage (parameters such as
number, width and position of the trapezoidal fuzzy sets (see also Section 2.1)) is not

 Note, picking up a load by a manipulator usually also changes the system's dynamics. However, our
focus is on a purely kinematic system. The treatment of dynamic aspects is beyond the scope of this paper.
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the target of the training method we propose here (see Section 5 for a further
discussion).
The actor in the adaptive controller is identical to the controller of the navigator
discussed in Sections 2 and 2.1. The navigator determines its actions on the basis of
the distance to the nearest obstacle d and the target . The critic can determine
whether to punish or reward an action by inspecting the manipulator's performance.
At each training step, only rules, which are actively involved in contributing to the
decision process, are adapted by a reinforcement command, while rules, which do not
contribute to the particular movement, remain unchanged. Four performance
criteria are used for training: (1) distance between the link and obstacles, (2) the
speed of the link, (3) the goal reaching performance and (4) the angle between link
l and link l :


(1) Whenever the distance between link and obstacle falls below a given threshold,
the values of those active ("responsible) rules which proposed a movement
towards the obstacle are decreased by a small amount (punishment), while those
active rules which proposed a movement away from the obstacle are increased
(reward). Once the navigator is trained and keeps the manipulator at su$cient
distance to obstacles, the training command automatically becomes inactive.
(2) The training with respect to the manipulator's speed is split into two parts: the
navigator is trained to avoid both very large and very small changes in the
position of the manipulator. The "rst of these two training commands is useful to
avoid big sudden jerks of the manipulator link. The second is active when the link
barely moves at all. Again, active rules which support the desired performance are
increased, those which are opposing it are decreased. Both commands are inactive
when the manipulator performs correctly. A moderate speed is the desired aim of
this training part.
(3) The navigation unit is trained to improve the goal reaching performance by
increasing the weights of those active rules which make the manipulator link
move towards its "nal position. Active rules which do not support this are
suppressed. This command becomes active only when the goal position cannot be
reached within a certain number of steps.
(4) An unlimited rotation of link l around link l is not desired, since the motion of


the links of the MA 2000 is limited to a range of $0.75. Thus, whenever the link
l tends to `collidea with link l the rule network is appropriately altered. Again,


an action which favors a motion in the expected direction (towards a stretched
con"guration of link l ) results in the increase of the value, while an action which

suggests the opposite motion (towards a collision with link l ) is decreased. This

training command is active only if the angle of link l is greater than 0.64 or

smaller than !0.64.
The whole set of all four training commands is applied every time the arm moves by
a single training step. If after 100 training steps the goal has not been reached, the
training is interrupted, the manipulator put back into a start position, and a new
training cycle is started. A training cycle is completed, once all links have reached their
"nal con"guration or 100 training steps have been carried out. In order to assure that
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the unit is able to deal with obstacles on the right and left after training is completed,
start and goal con"guration were exchanged every second training cycle.

4. Results
This section describes the conducted experiments and achieved results using the
non-adaptive and adaptive navigation strategies. In the "rst part, Section 4.1, the
fuzzy navigation method has been used to steer a model of the MA2000 manipulator,
while in Section 4.2 the proposed learning method has been added.
4.1. Results for the non-adaptive navigator
The non-adaptive navigation method has been applied to two as well as three links
of the MA2000 manipulator. The results are shown in the form of snapshots of the
manipulator's motion through an example environment. The "gures show the position of the obstacles and robot arm in the two-dimensional workspace at various
times during its movement from start to goal position (Figs. 3 and 4). As only links
with zero inertia are considered in these experiments, the applied motion command is
an instantaneous angular step, which modi"es the previous velocity without time
delay. Recently, this method has been successfully applied to a physical manipulator
showing that our navigation method can also deal with the dynamic aspects of
manipulator navigation [1,2].
Fig. 3 shows the navigation of the MA2000 employing the non-adaptive navigator.
In Fig. 3 (left), the navigator was used to steer two links of the MA2000. The continual
tendency of link l to reach its goal con"guration and its slowing down and backing
up near obstacles is obvious. In Fig. 3 (right), the navigator has been applied to the
three-link MA2000. After developing the rule base we tested the navigators in
a number of environments with obstacles of di!erent shape, size and position. The
controller found obstacle free paths in almost all environments tested as long as the

Fig. 3. Planar motion of the MA2000 manipulator using the non-adaptive navigator. Left: two links.
Right: three links.
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Fig. 4. Training of the navigation unit of link l . The training is shown at di!erent training cycles. Left and

center: After a few training cycles, the link begins to react to obstacles, but still crashes into them. Right:
After about 10 cycles the initially untrained rule network stabilized. Goal tracking improves continuously.
Further training changes the performance of the manipulator only marginally and the rule network
experiences only minor changes. The center "gure shows the goal, start and obstacle positions for all three
"gures.

positioning of the obstacles allowed for a collision free path [2]. In some rare cases
collisions occurred. Those occurred when the density of the objects in space was
increased much beyond the density used for the development of the rule base. This can
be understood as the e!ect of an average speed that the system has settled down to,
which is too high for densely populated environments. Reducing the magnitude of the
actuator commands would solve this problem for a particular environment but as
a general solution this would not seem to be adequate. However, in nearly all of those
experiments where the system was trapped in a local minimum, and the manipulator
was incapable of reaching the goal con"guration, the system avoided collisions with
nearby obstacles [1]. Thus, a well-adjusted fuzzy navigator gives higher priority to
obstacle avoidance than to goal tracking * this is highly desirable considering the
safety of robot and environment.
In a further test of the navigator, we tested the sensitivity to changes in the rule base.
In a real system such changes could be due to noise in the system or imperfections of
the translation of the actuator commands into steps of the arm. We found that the
navigation was robust against some changes in the rule base but especially the values
in the center of the rule table (Table 1) had to be chosen quite carefully. Such careful
tuning naturally leads to a long development process which has to be repeated after
changes in the link structure, or large increases in the density of the obstacles in the
environment. We think these problems "rst of all show the limits of using a single,
"xed rule base and secondly, the limits of our own intuition about the domain. The
results presented in the next section show that a navigator that employs a learning
algorithm can cope with these problems.
4.2. Results for the navigator trained by the neural learning algorithm
We tested the learning algorithm on link l of the two-link MA2000. The rule

network of the corresponding navigation unit was initially set to zero and the arm was
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placed in an environment as shown in Fig. 4. Initially, the manipulator does not move
at all, because all values in the rule network are set to zero. Owing to the in#uence of
training command 2, the manipulator starts to move after a few training steps. In this
phase the manipulator collides with the obstacles and fails to "nd the goal (Fig. 4 (left
and center)). Now however, training commands 1 and 3 begin to in#uence the learning
process. The rule network is changed such that towards the end of the learning
process, the manipulator will have found a collision-free path from the start con"guration to the goal con"guration or a con"guration nearby (Fig. 4 (right)).
To investigate the performance of the navigator in more detail, we monitored
several aspects of its behavior during learning. Fig. 5 (left) shows the average distance
between link l and the nearest obstacle that was kept during training. In the

beginning of the training, the average distance was very small (accounting for many
collisions during the training cycle), but the punishments received from the critic for
this misbehavior altered the rule network and soon led to paths in which the obstacles
were avoided. The rule network settled down to a state in which the distance to the
obstacles was kept slightly above 0.4 m. This particular value depends on parameters
such as the density of the distribution of the obstacles, the location of the goal position
and the various training parameters. Changing these learning parameters allows one
to tune the performance of the navigator to the idiosyncratic requirements of the
environment or task at hand. For instance, when safety is a premium requirement, the
parameters can be chosen to increase the distance that is kept from obstacles.
While training to avoid obstacles, the navigator also attempted to make large steps
to reach its goal more quickly. Fig. 5 (right) shows that while the initial steps are small,
the navigator reaches a step size of 0.15 rad round about the same time as the network
learned how to avoid obstacles. Finally, the goal searching performance was
monitored. Whereas the initial rule network led to large oscillations around the goal,
the learning command adapted the rule network to stay close to the goal. Summarizing the three performance measures, the navigator starts out not knowing where the
goal is, moving too slowly and bumping into obstacles, but converges to a state in
which it rapidly moves towards the target location along a collision free path.
The transparency of the control system allows us to monitor the evolution of the
rule base during the learning process. Table 2 shows the numerical values of the rule
base after 150 iterations when the rule base has settled into a stable state (see Fig. 5,
bottom). The corresponding linguistic rules, which are derived using the conversion
table (Table 3), are presented in Table 4. This type of representation allows an
interpretation of the learned behavioral rules. The generated rule base shown in Table
4 looks di!erent from the one shown in Table 1, which has been constructed by hand.
However, a close examination reveals that these two rule bases provide a very similar
behavior.
For the following discussion, we focus on the left-hand side of rule base tables. This
can be done without loss of generality, since the rule base has a mirror-symmetry
around the center of the table. For instance, the value `0.7772a appears twice in
Table 2; "rstly, if an obstacle is close left and the goal is far left, and, secondly, if an
obstacle is close right and the goal is far right. The only di!erence between the two
rule values is their sign. Note that this mirror symmetry is built into the learning
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Table 2
The rule base for link l of the MA2000 manipulator after 150 iterations of training using the reinforcement

learning algorithm. The scalar value in each cell of the table can be interpreted as a particular motor
actuation command
B()

far left
close left
contact
close right
far right

A(d)
far left

left

close left

far right

right

close right

0.0739
!0.0008
!0.0000
0.0004
!0.0774

0.3754
0.3977
!0.1218
!0.0247
!0.0635

!0.7772
!0.8018
!0.4242
!0.1514
!0.1931

0.1931
0.1514
0.4242
0.8018
0.7772

0.0635
0.0247
0.1218
!0.3977
!0.3754

0.0774
!0.0004
0.0000
0.0008
!0.0739

Fig. 5. Left: Average distance between link l and the nearest obstacle. Right: Step width of link l in


radians. Bottom: Di!erence between "nal con"guration and desired con"guration for each iteration
reaching the goal from the left. Similar results were recorded for the opposite direction. The performance
measures in the left and the center "gure are shown as running averages over 2 training cycles.

algorithm: whenever a rule is changed by a certain amount during training, the
`mirroreda rule is changed by the same magnitude but with an inverse sign.
Comparing Table 1 with Table 4 shows that if an obstacle is close left (independent
of the position and distance of the goal), the rules suggest a movement to the right.
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Table 3
Conversion of numerical ranges into linguistic rules
Rule
right
right
right
right

Numerical range
very big
big
small
very small

[!12!0.5)
[!0.52!0.2)
[!0.22!0.001)
[!0.00120)

nil
left
left
left
left

0
very small
small
big
very big

(020.001]
(0.00120.2]
(0.220.5]
(0.521]

Table 4
The linguistic interpretation of the rule base shown in Table 2
B()

far left
close left
contact
close right
far right

A(d)
far left

left

close left

far right

right

close right

left small
right very small
nil
left very small
right small

left big
left big
right small
right big
right small

right
right
right
right
right

left
left
left
left
left

left small
left big
left small
right big
right big

left small
right very small
nil
left very small
right small

very big
very big
big
small
small

small
small
big
very big
very big

The di!erence is in the magnitude. The rule base of Table 1 suggests `right very
biga movements when the goal is far away and decreasingly smaller right movements
the closer the link comes to the goal. These commands have been established
using common sense and several test runs. In contrast, the rule base of Table 4
suggests `right very biga movements if the goal is on the left and decreasingly smaller
right movements for contact and goal on the right. The `close lefta columns of both
rule bases make sense. The particular rules generated by the learning algorithm
depend on the speci"c obstacle constellation seen by the adaptive navigator during
learning.
Although there are di!erences between the `lefta and `far lefta columns of the
two rule bases, respectively, a common trend can be observed. The two `close
righta and `far righta rows are similar as far as they mainly contain rules commanding
right movements. There is only one exception in Table 4 where a `left very smalla
command appears in the `far lefta column instead of a `right smalla command in
Table 1.
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The greatest di!erence can be observed in the `far lefta and `close lefta rows.
Especially, the two `left biga commands in the `lefta column of the rule base generated
by the learning algorithm (Table 4) di!er quite strongly from the `righta commands in
the hand-made rule base (Table 1). However, even here a trend can be recognized.
While the hand-made rule base suggests a more gradual decrease for the commands
over all three columns (`close lefta, `lefta, `far lefta), the automatically generated rule
base changes abruptly from `right very biga in the `close lefta column to `left biga in
the `lefta column. The `right very smalla command in the cell of the `far lefta column
and the `close lefta row in Table 4 may have been generated in an attempt to
compensate the `big lefta commands in the `lefta column.
In conclusion, the rule base generated by the learning algorithm can be interpreted
in linguistic terms, and this allows an intuitive comparison of di!erent rule bases.
Describing the control system in linguistic terms makes it easier to discover trends in
the strategy that the navigator pursues to cope with the requirements of its environment. Discovering such trends can be useful to "ne tune the rule base, to spot errors in
the training procedure, or to develop improved training strategies.

5. Discussion and conclusion
Our main aim in this contribution was to present a hybrid neural and rule-based
strategy which we have found to be successful for the manipulator navigation task.
Section 2 showed how elements of this strategy are used to develop a neuro-fuzzy
navigator for robotic manipulators. This approach, which implements behavior as
a set of linguistic rules, is intuitive and easily allows for the addition of further layers of
control and "ne-tuning. In this section we discuss some of the further possibilities as
well as pitfalls.
It is important to stress again that the method developed here is a local method.
Global methods that consider the whole obstacle space at each iteration and compute
an optimal obstacle-avoiding path to the goal will always "nd a collision-free path if
one exists. In a real environment, however, the costs of calculating global trajectories
are prohibitive. Systems that rely on this are unlikely to achieve real-time performance
in complex or non-stationary environments [11]. Rather than using a method which
will turn out to scale poorly when moving to more complex environments or
manipulators, we have concentrated on "nding a fast local method that can perform
in real time.
We realize that this choice leads to the problem of local minima: there may be
routes leading to the goal that avoid the obstacles which our method cannot "nd.
Even though this is so in theory, our experiments have shown that our method can
"nd a solution in many cases. The problem of local minima, however, cannot be
ignored. It is possible to create an environment in which a manipulator controlled by
our method will never reach the goal [1]. A "rst option to circumvent such problems
is to use more information from the environment than we currently do. Rather than
looking at the nearest obstacles only, a larger number of obstacles could be considered
in the decision process. This would increase the number of environments the system
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can deal with at the cost of extra computations that have to be performed at each time
step. In line with the adaptive mechanism developed in Section 3, we are currently
considering to develop a control mechanism that uses an adaptive scanning range.
This mechanism should be able to base its decision process on varying numbers of
obstacles depending on the situation it "nds itself in. Such a mechanism, when
successful, would strike a compromise between the necessity of expensive global
computations in one environment and the cheap and fast local processing that is
possible elsewhere.
Our experiments with the learning algorithm were promising. The learning algorithm was able to create a useful rule base. Especially, the obstacle avoidance problem
was dealt with in a satisfactory way. We believe that the success of the learning
algorithm is due in great part to the transparent nature of the control system. This
transparency not only allowed us to directly implement prior knowledge about the
problem domain in Section 4.1, but it also reduced the credit assignment problem in
such a way that the learning algorithm could quickly adapt the rule base from tabula
rasa to a functioning navigator. Neural network methods represent rules in a highly
distributed manner, which makes it di$cult to assign a speci"c role to a particular
node in the network. This leads to the credit-assignment problem: as it is unclear what
the role of a node is, it is unclear whether it should be punished or rewarded when
a particular situation occurs. Neural networks commonly solve this problem by using
error back propagation, which is a notoriously slow process. In the current approach,
however, all nodes (all rules) are easily interpretable in every day terms and even the
learning commands can be stated in every day terms. This speeds up the learning and
leads to the fast convergence times observed in the experiments.
Slight problems were encountered with the goal tracking. The navigator whose rule
base was created from scratch by the learning algorithm was able to direct the
manipulator in the right direction. Although the manipulator reached the area near
the goal con"guration, the created rule base did not allow accurate docking maneuvers. A possible solution to this problem is to use an additional module which takes
over to move the manipulator into its desired con"guration, once the manipulator has
reached the near-goal con"guration.
We restricted the learning algorithm to change the rule base, while keeping the
fuzzi"cation stage of the control system constant. Clearly, however, that stage also
represents domain knowledge: how far is `fara? Even though prior domain knowledge
allows us to answer this question fairly well, the details could depend on the
environment and the requirements under which the system operates. An interesting
area of future research would be to investigate a learning algorithm that adapts the
fuzzi"cation. Here as before, the neural networks literature provides methods that
could be successful in this hybrid system. We consider, for instance, using adapting
radial basis functions for the fuzzi"cation stage. Adapting the center and the width of
RBFs is a method that has, for instance, successfully been applied to many classi"cation problems [7].
Concluding, our strategy, based on behavioral rules, has led to a transparent system
for the navigation of planar robotic manipulators. The rule base can be tuned by hand
or implemented as a rule network that is trained by a set of learning commands. The
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system is #exible and leads to good performance. We have shown how it can be
applied to two and three link manipulators. Importantly, the transparent nature of the
navigation system leaves it open for future re"nements and additions.
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