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Abstract 

The continuous interaction with the environment 
through sensors and effectors is increasingly being 
recognised as a key element for understanding the be
haviour of natural autonomous systems and for 
building artificial autonomous agents. At the same 
time, artificial neural networks are being used to 
emulate the low speed, massively parallel, distributed 
and adaptive information processing observed in natu
ral autonomous systems. We describe an experimental 
architecture for research based on these ideas and illus
trate it with an inexpensive mobile robot . Using only 
neural network processing, we show how sensors and 
effectors combine in the information feedback loop with 
the environment to enable the robot to learn simple 
navigation behaviours. 

1 Introduction 

Computer technology enables us to do long and com
plex sequences of symbol transformations at a speed 
and accuracy far beyond our natural capacity. With 
this technology we have automated and enhanced tra
ditional information processing tasks and made possi
ble many new ones. Some of the applications of com
puter technology have by far surpassed earlier expecta
tions while some other predicted applications seem as 
far away as ever. One area where progress has been 
slow is the production of software that would enable 
machines to autonomously execute purposeful actions 
in the world. 

In most applications of computer technology the in
formation processing machine takes a passive role that 
needs a human intermediary between the machine and 
the world. The human intermediary controls and trans
forms the ingoing data to suit the machine require
ments, and again a human intermediary has to con
vert the results of the computation into decisions and 
actions. In automatic control and robotics the inten
tion is to make machines execute tasks with little or 
no human intervention. The data input stream would 
then no longer be under careful control by human in-

telligence. The machine has to deal on its own with the 
raw sensor data that originates from the interaction be
tween the machine and the environment. The response 
of the machine also has to be robust, in the sense that 
the machine should be able to cope with variations in 
the initial and boundary . conditions of the task as they 
occur in a natural environment. We observe this ca
pacity in animals, particularly in the human species, 
and call it intelligent behaviour. The construction of 
machines with such capabilities is yet to be achieved. 

Today's robots can only function purposefully in sim
ple and controlled environments. The biggest obstacle 
to building truly autonomous machines is that there is 
no theory that provides useful concepts and methods 
for designing the software that can replace the capabil
ities of the human intermediary. 

Artificial Intelligence (AI) research had set itself the 
goal of reproducing human style intelligence in mar 
chines. Several researchers have criticised artificial in
telligence research for failing to progress towards this 
goal. P.M. Churchland [10] argued that AI research 
relies to much on fundamentally wrong folk psychol
ogy. Smithers took up Churchland's ideas and pro
posed a methodology for autonomous systems research 
[30]. Similar considerations had already led other re
searchers to undertake new approaches such as Brooks' 
nouveau AI [7] [24], behaviour oriented [12] and animat 
[15] approaches. 

The need to experiment with real machines in real 
environments is one of the key methodological require
ments in these new approaches to Al. Computer simu
lation remains a useful design tool but the true evalua
tion of an autonomous robot's behaviour can only come 
from the exposure to the complexity of a real environ
ment. It is the difference of actually being there against 
what we imagine it is like being there that is crucial 
[11]. The process of creating a theory of autonomous 
systems is still in its earliest stages and much has yet 
to be learned from experimenting with very simple au
tonomous machines. The simple mobile vehicle has be
come the system of choice for many researchers. Even 
at this level the possible technical realisations are many 
and the range of conceivable experiments is enormous. 
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The goal of our research is to contribute towards a 
theory of autonomous machines that provides useful 
concepts and methods for designing and building the 
information processing parts for such machines. In this 
paper we show how a small inexpensive autonomous 
vehicle can be trained to acquire some basic navigations 
skills. We restricted ourselves to neural net information 
processing for generating reflexive behaviour in a sense
think-act scheme. The material is divided into nine 
sections. In section 2 we give precise meaning to the 
concept of reflexive behaviour of an autonomous agent 
by defining the action mapping. Section 3 describes an 
implementation of our experimental architecture in a 
simple and cheap autonomous vehicle. Section 4 shows 
how to enhance a primitive infrared sensor array with 
neural network signal preprocessing and section 5 shows 
how to use the same sensor to map the horizontal 2-
D position of beacons. The task of moving towards 
a goal is described in section 6 and section 7 shows 
how we use reinforcement learning to accomplish the 
task. Finally in section 8 we discuss the implementation 
and resulting navigation capabilities of the autonomous 
vehicle. 

2 Reflexive behaviour and the 
action mapping 

The subject of our discussion will be an agent instan
tiated by our autonomous vehicle. An agent acts on 
and reacts to his environment (Fig. 1) . This inter
action manifests itself through the agent's behaviour. 
Behaviour is the observable response of the agent to 
the signals from its sensors. The agent can perceive 
aspects of its environment through and only through 
its sensors. The environment is the complement of the 
agent. By definition the union of the agent and its envi
ronment is the world. Behaviours can appear to be very 
complex even if they originate from simple mechanisms 
(4]. It would be useful to identify classes of behaviour 
that progress from the simpler to the more complex. 

One way to classify behaviour is to consider the 
mechanisms that originate behaviour. From this point 
of view the simplest are reflexive behaviours (also some
times called reactive by other researches [26]). 

We call a behaviour reflexive, in analogy with reflexes 
observed in animals, when the agent responds, after a 
possible time delay 8, with an action a that only de
pends on the current sensor input vector x and possibly 
the current action 

a(t + 8) = fw(x(t), a(t)) (1) 

We assume that the action mapping fw(i(t), ii(t)), 
which maps sensor input vectors into action vectors, 
depends on a set of parameters w that could be de
termined by a training procedure. Reflexive behaviour 
does not depend on time explicitly. In contrast, pre
dictive behaviour is non reflexive behaviour that de
pends on the history of sensory signals. The search 
for action mappings that generate useful behaviours for 

Environment 

Figure 1: Conceptual model of an agent with reflexive 
behaviour 

the agent is an important step towards building au
tonomous agents. 

3 A versatile and very cheap ex
perimental architecture 

3.1 The control architecture 

Versatility and flexibility are essential requirements for 
an agent for experimental research in learning control. 
It must be easy to add and remove sensors, effectors and 
processors. Software reconfiguration has to be simple 
too. We found it too laborious and expensive to ex
tend and reconfigure conventional digital control hard
ware and software. Therefore we developed a trans
puter based, distributed architecture, that meets our 
requirements much better [14]. 

The transputer gives hardware support to the com
municating sequential processes (CSP) software model 
[19]. Processes communicate over serial channels. Pro
cesses can run either on their own transputer or run 
as time shared tasks on a single transputer. Channels 
between transputers are implemented as bi-directional 
serial transputer links. Each transputer has four links. 

We extend the transputer architecture with sensor 
and effector modules that exchange messages with a 
transputer over a transputer link. Sensors receive data 
request messages from the transputer and return data 
messages. Effectors receive action commands. The link 
protocol and the internal task scheduler in the trans
puter allow the software to respond to external events 
in a simple way. Interrupts are hidden from the pro
grammer and there is no need for special sensor or ef
fector driver software. To activate a sensor the parent 
program initiates a sensor process. When the parent 
program becomes ready to respond to a sensor event 
it issues an input instruction to the sensor process. If 
there is no response the parent process is automatically 
descheduled until the sensor process responds. The sen
sor process will communicate with the sensor over the 
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link dedicated to the· sensor and typically do some as
sociated processing, for example calculate the distance 
to the nearest obstacle. The sensor process might alert 
the parent program when an obstacle is too close. 

Transputer link interfaces are easy to build with the 
commercially available lnmos COli link adaptor chip 
that interfaces a transputer link to a parallel bus [22]. 
Through the interface logic and the CO 11 chip the mod
ule appears to the transputer just like another process. 
Communication over transputer links is digital. This 
makes signal transmission much more noise resistant 
but requires that all A/D and D /A conversions have 
to be done in the modules. It is easy to plug-in or to 
remove sensor/ effector modules because the transputer 
links only use a pair of wires. 

In conventional digital control technology sensors and 
effectors interface to the processor through a parallel 
bus. The parallel bus forces the sensor/effector inter
faces to be close to the main processor. The resulting 
architecture is one of spatially concentrated process
ing, with noise sensitive analog signal lines connecting 
to transducers. The software drivers for the sensors 
and effectors run as interrupt service routines that of
ten burden the processor with low level interface pro
cessing. The software drivers tend to be tailor made 
for the interface circuitry and consequently one needs 
a good knowledge of the interface hardware to write or 
modify such drivers. Finally, interrupt driven software 
is notoriously difficult to write and debug. 

Our architecture eliminates most of these problems. 
Substantial processing can occur at the sensor and 
effector level favouring a hierarchical architecture were 
relevant information is extracted progressively from the 
data as it flows to the higher levels of the hierarchy. For 
example obstacle distance may be monitored continu
ously, but only when the obstacle is very close may 
it become necessary to pass that information on to a 
higher level steering process. 

3.2 The agent 

For experimentation we use an inexpensive mobile ve
hicle powered by rechargeable batteries. The vehicle 
measures 225 mm in diameter and weighs about 2.7 kg 
with batteries. Currently it runs about one hour with 
one battery charge. 

We adopted the popular design of a circular plat
form with differential steering. The vehicle has a front 
and a rear castor and two drive wheels. The drive 
wheels are directly powered by independent DC elec
tric motors mounted underneath the platform. The 
motors are bidirectional and the motor controller pro
vides seven speeds in each direction. The differential 
steering gives excellent manoeuvrability with minimal 
mechanical complexity. All electronics and sensors are 
contained in a vertical cylindrical enclosure. In this way 
the vehicle does not become trapped by obstacles and 
can always backout without elaborate manoeuvring. 
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4 Environment Sensing 

Despite continuous advances in sensor technology the 
selection of sensors for an autonomous robot still re
quires many compromises. There is no single inexpen
sive sensor for probing the environment accurately in 
real-time. Sensors used in autonomous robots range 
from simple contact switches and whiskers [6] [20], to 
camera vision systems [9]. 

Sensors fall into two main categories: 
Passive sensors detect energy emitted or reflected by 
objects in the environment and include: infrared de
tectors [6] [16] [23], microphones [16], olfactory sen
sors [29], and camera vision systems [9]. Infrared de
tectors typically cover a broad spectral range and it 
is necessary to discriminate between the multiple in
frared sources in the environment. Microphones allow 
the detection of sound waves but are prone to errors 
caused by echoes. Olfactory sensors enable the robot to 
trace chemical scent trails and are therefore restricted 
to path following tasks. Camera vision provides the 
most abundant amount of environmental information 
of all the passive sensors but requires a correspond
ingly large amount of processing to interpret this infor
mation. 

Active sensors obtain information by emitting en
ergy of a particular sort and detecting the reflected en
ergy with a matched passive sensor. Examples of active 
sensors are ultrasonic sensors [2], infrared proximity 
sensors [13] [28] and laser range finders [8]. Ultrasonic 
sensors suffer from non-incident reflection problems re
sulting in inaccurate range data. Infrared proximity 
sensors detect the proximity of obstacles within a short 
distance from the robot but quickly become ineffective 
as the range increases. Laser range finders provide ac
curate distance measurements but are expensive when 
constructing multiple sensor systems. 

4.1 A Simple but Robust Infrared Sen
sor System 

The primary design criteri~n for a sensing system for 
our autonomous vehicle was low cost. To achieve low 
cost while retaining enough interaction capability for 
simple experiments we used a passive infrared sensor 
system to detect matched beacons placed in the envi
ronment. Infrared light sources and detectors are easily 
available and cheap, and beacons can identify various 
kinds of goals and obstacles [25]. The sensor circuitry 
has filters that can detect modulated infrared signals 
at seven different frequencies. The beacons emit mod
ulated infrared light to discriminate from ambient ra
diation. The infrared sensor consists of eight infrared 
diodes mounted in a semicircle on the exterior of the 
robot's cylindrical body, as shown in Figure 2. The in
frared diodes form a coarse one-dimensional facet eye 
[23] with a 180° field of view in front of the robot. The 
diodes are mounted approximately 22.5 degrees apart 
and each diode has an angle of acceptance of approxi
mately 70° . 
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Figure 2: Sensor layout and determination of beacon 
direction. In this case neurone 17 is the winning neu
rone. 

The infrared detectors, from now on called eyes, pro
vide eight signals that contain information about the 
position of a beacon in relation to the robot. With a 
Kohonen self-organising network it is possible to con
vert the sensor information into a one or two dimen
sional image. 

4.2 Calibration of the Sensor 

Because the infrared detectors were glued to the body of 
the robot their perfect alignment was impossible. Mis
alignment of a particular detector in either the horizon
tal or vertical plane by a few degrees from the angle of 
maximum sensitivity would result in the detection of a 
smaller intensity value than expected. In addition to 
misalignment, there were variations in the characteris
tics of each of the infrared detectors (Fig. 5). These 
inaccuracies complicated the interpretation of the sig
nals from the sensor array. The use of neural networks, 
and in particular self-organising neural networks, allows 
the construction of a network that will self-calibrate or 
learn the characteristics of the sensors. 

4.2.1 Kohonen's Algorithm 

A Kohonen or feature mapping network is essentially a 
topology preserving map, where inputs to the net
work that are nearby in the input space are mapped to 
neurones that are nearby in the neurone array. That 
is, the network preserves the neighbourhood relations 
of the inputs. Kohonen 's algorithm is an adaptation of 
ordinary unsupervised competitive learning, with the 
winner being the neurone with the weight vector W* 
closest to the current input i 

llx- w*ll = mindlx- w;jj, (2) 

Weight updates go to the neighbours of the winning 
unit as well as to e the winning unit itself. 

35~~---r--~--~--r-~---r--~~ 

30 

20 40 60 80 100 120 140 160 180 
Beacon Angle (deg) 

Figure 3: Winning Neurone vs. Beacon Angle, 33 Neu
rones. The solid line shows the ideal mapping. 

40 60 80 100 120 140 160 180 
Beacon Angle (deg) 

Figure 4: Winning Neurone vs. Beacon Angle. Beacon 
distances of 50cm, 75cm and lOOcm are plotted 

From [21], Kohonen's learning rule for weight adjust
ments is 

ilw, = 1JA(i, i*)(i- w;) (3) 

for all i and j. Where 1J is the learning rate. The 
neighbourhood function A(i, i*) is 1 for i = i*, where 
i* is the winning neurone, and falls off with distance 
jr; - r;•l between units i and i* in the output array. 

The neighbourhood function is chosen to be a Gaus-
s1an 

-lr ·-r·•fl 
A(i , i*) = e< ·,,'2' ) (4) 

where u is the neighbourhood width parameter. It is 
useful and often essential for convergence to decrease 
both the learning rate, 1}, and the neighbourhood width 
u, during training. 

4.2.2 Determining the Beacon Angle 

The purpose of the infrared sensor is to obtain informa
tion about the relative position of a beacon. Initially we 
limited ourselves to extract the relative direction. For 
converting the eight dimensional input of signal am
plitudes to an output representing the direction of the 
beacon we used a one-dimensional Kohonen network 
of 33 neurones. After training the network, each neu
ron in the map corresponds to one direction. Figure 
3 illustrates the this correspondence. The 33 neurones 
allow an angular resolution of 5.625°. The eye spacing 
is 22.5° . To obtain this resolution the network has to 
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interpolate the beacon directions that fall between the 
eye angles. 

We constructed a training set for the Kohonen net
work by capturing over 600 samples of the 8 eye am
plitudes while moving an infrared beacon around the 
robot. The beacon was kept at a constant radius of 
50cm. A simple alternative is to put a beacon at a dis
tance from the robot and let the robot turn back anf 
forth 180 degrees, on the spot, while capturing sensor 
signals. The input samples obtained were presented 
in random order to the network. The network was 
then trained for 50 epochs using Kohonen's learning 
algorithm. We achieved the best results by decreas
ing the neighbourhood width as ~. ITinit is the 

yepoch 

initial neighbourhood width and through experimenta
tion found to be approximately one third of the number 
of neurones in the one-dimensional array. We reduced 
the learning rate in a similar manner from an initial 
value of 0.5 . 

We tested the network, by placing the beacon at 33 
equidistant angles on the 50 cm radius arc. Figure 3 
shows the winning neurone for each of the 33 beacon 
angles. The Kohonen network achieved a near perfect 
linear mapping despite the variations in positioning and 
characteristics of the infrared detectors. We discuss the 
system robustness in detail in section 4.3. 

4.2.3 Distance Dependence 

The intensity of the beacon signal received by the sensor 
decreases with the square of the distance from the bea
con. The self organising training algorithm uses the Eu
clidean distance to measure the similarity of the input 
and weight vectors. The Kohonen network was trained 
with samples from a fixed distance of 50 cm. For much 
larger distances, say 1 m or more, the Euclidean dis
tance between the signal vector and the weight vectors 
of the neurones essentially becomes the length of the 
weight vector, because the signal vector is small. The 
weight vectors of the neurones at the end of the one
dimensional map are somewhat smaller than the weight 
vectors towards the centre. As the distance increases 
the neurones at the end become the winners more often. 
To avoid this effect we normalise the signal vectors (eye 
outputs). After training the network with normalised 
inputs, the system detects the angle of the beacon ac
curately over all distances. Figure 4 shows the angle vs 
winning neurone plots for the various beacon distances. 
The sensor has become distance insensitive. 

4.3 System Robustness 

.A measure of a sensor system's robustness is its ability 
to work correctly given inaccurate and/or incomplete 
input. Firstly, we demonstrate the inherent inaccu
racy of the system's eyes and explain how the topology 
preservation property of the Kohonen network makes 
the system immune to this inaccuracy. We then show 
that the system will still work when up to 6 of the 8 
eyes are disabled, and explain how the topology preser-

120•..--~---,---.---.--.----,.---~~ 

100 ,:··-, 

~ 80: 
~ 
"' ~60 
~ 
.2' 40 
en 

! 
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Figure 5: Eye Characteristics. Each curve shows the 
signal amplitude output by an eye as beacon was moved 
around the robot at a constant distance of 50 cm. 
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Figure 6: Network Weights. Each curve shows the con
nection strengths from a particular eye to all the neu
rones in the Kohonen map. 

vation property and the eye redundancy combine to 
achieve this. 

4.3.1 Inaccurate Input 

Figure 5 illustrates the eyes' inaccuracies caused by 
misalignment and unmatched detectors. Each curve 
shows the signal amplitudes seen by an eye as the bea
con was moved around the robot at a constant distance 
of 50 cm and therefore gives the eye characteristics of 
the vision system. As can be seen, the eye characteris
tics are not uniform. 

Using the Kohonen network eliminates the need for 
precision mounting and characteristic matching of the 
detectors. Figure 6 shows the weights obtained after 
training the network with input obtained at 50cm from 
the robot. Each curve in the plot represents the con
nections from a particular eye, hence the eight curves. 
The network consists of 33 neurones and therefore each 
curve represents the 33 weight vector values of the con
nections to that particular eye. Comparing the two fig
ures, the weight vectors connected to each eye closely 
match the actual eye characteristics. Thu$ the nel'Work 
has learnt the characteristics of each eye. 
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Figure 7: Winning Neurone vs. Angle with Two Eyes 
Disabled 
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Figure 8: Winning Neurone vs Angle with six eyes dis
abled after retraining 

4.3.2 Incomplete Input 

The other facet of robustness resulting from the Koho
nen network is tolerance of incomplete or incorrect in
put data. When one or more eye characteristics change, 
retraining the Kohonen network will once again enable 
the correct determination of beacon direction. Some 
examples of changes in the characteristics of the eyes 
are detector failure, obstruction, or even a change in 
the detection angle of an eye. 

We again used the trained network of 33 neurones 
described in Section 4.2 .2 and set the input from eyes 
3 and 7 to zero. Figure 7 shows the winning neurone 
versus beacon angle with no adjustment to the net
work. Obviously, the network is now producing the in
correct response. After retraining however, the network 
corrected these errors and regained a linear correspon
dence between beacon angle and winning neurone. To 
further test this robustness to sensor failure we disabled 
all eyes except 3 and 6 and retrained the network. Fig
ure 8 shows that the network was even able to recover 
from this extreme case of sensor failure. 

The robustness of the system to incomplete input 
comes from the eye characteristic of Figure 5. From 
the graph each eye has a 3 dB coverage of approxi
mately 70° and therefore adequate interpolation is pos
sible with as few as two eyes, providing these two eyes' 
characteristics overlap. This result shows that the sen
sor design is highly redundant and therefore extremely 
robust to sensor failure . 

If some of the eyes get out of alignment or fail com
pletely it is a simple mater to retrain the the Kohonen 
map. The robot would only have to do a few half turns 
on the spot with a beacon in sight to obtain the inputs 
for retraining. 

5 2-D beacon position mapping 

After successfully mapping the relative angular posi
tion of a beacon one might ask if the actual 2-D posi
tion could also be mapped. In other words: would a 
2-D self organising map be able to extract consistently 
the distance information contained in the signal vector 
magnitudes? As mentioned in section 4.2.3, the inputs 
must be normalised for the vision system to determine 
the direction of the beacon at any distance within its 
range. Retrieval of the distance information separately 
is possible by examining the peak amplitude of the in
put signal, but this method would be susceptible to the 
sensor variability problems described previously. 

To achieve a robust two-dimensional mapping, the 
eye amplitudes were used, without normalisation, as 
inputs to 2-D square Kohonen map. The neighbour
hood function in this case is radially symmetric around 
each winning neurone. We chose a neurone grid of 17 
x 17 for the 2-D map, giving an angular resolution of 
approximately 5.625° and a distance resolution of ap
proximately 5cm. 

To obtain the training data for this network, the bea
con was moved randomly in front of the robot within a 
180° arc and between the distances of 30 and 100 cen
timetres. The network was then trained for 50 epochs 
with an initial neighbourhood width of 5. To test the 
trained network the beacon was firstly moved radially 
outward from the robot at different angles and then 
across the front of the robot at constant radius for dif
ferent distances from the robot. Figure 9 shows the 
results of this testing. The network has indeed learnt 
the topology of the input space. 

The only twisting and therefore inaccuracy is evi
dent at the sides and top of the network. These areas 
represent beacon positions at the angular and distance 
range limits of the sensors where the signals are weak .. 
At these positions the magnitudes of the eye vectors are 
small and therefore the uniqueness of the Euclidean dis
tance calculation is reduced. Despite these slight fold
ings, Figure 9 shows that for all beacon positions within 
the limits of the sensor system there is a unique win
ning neurone. Therefore the network can be thought of 
as a map of the robot's perceived environment. 

6 Learning to move to a goal 

The first sensory-motor task we wanted our au
tonomous agent to learn was that of moving towards 
one type of beacon while avoiding some other types. 
We consider this task to require two primitive, reflex
ive behaviours: goal approach and obstacle avoidance. 
Accordingly they are learnt separately. Once acquired 
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Figure 9: 2D Kohonen Network. The dark vertical lines 
represent the trace of winning neurones as the beacon is 
moved radially away from the robot. The shaded hori
zontal lines show the traces when the beacon is moved 
at constant distances from the robot. 

the two behavioural responses combine to produce an 
emergent path-finding behaviour. Several researchers 
[5], [17], [1]. have used successfully the concept of the 
agent as a set of reflexive behaviours. Figure 1 shows 
the functional components of our reflexive behaviour 
learning system. The action mapping defines a be
haviour and produces an action that is suitable for the 
given input stimulus. A learning mechanism provides 
a means of adjusting the action mapping over time to 
improve the suitability of the actions. 

We implement the action mapping as a single-layer 
neural network and train it by reinforcement learn
ing. Reinforcement learning allows the networks to dis
cover an appropriate action mapping for the desired 
behaviour without the need for an explicit training set. 
Instead, the desired characteristics of the behaviour are 
defined by a simple reinforcement function that mea
sures the suitability of the agent's actions for any sensor 
perception. The reinforcement learning algorithm per
forms a directed random search, where network weights 
change to maximise the value of the reinforcement for 
each sensation-action pair. In essence the reinforcement 
assesses how appropriate the agent's state is for the de
sired behaviour - the larger the reinforcement the more 
suitable the agent's action. 

An important aspect of reinforcement learning is that 
it does not require a detailed knowledge of the robot's 
characteristics. The network learns an appropriate ac
tion mapping in a few thousand on-line iterations of the 
reinforcement algorithm. The learning scheme is simple 
to implement, computationally inexpensive, and allows 
immediate adaptation to changes in the robot's char
acteristics. 
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Figure 10: Action mapping network 

6.1 Action mapping 

The mapping is learnt in-situ, using information taken 
directly from the sensors and acting directly on the ef
fectors. This excludes preconceived ideas about knowl
edge representation, allowing the agent to learn its own 
internal representations. 

We implement the action mapping as a single-layer 
two-neurone feedforward network that takes the eye 
amplitudes as input and produces two motor speeds 
as output. The individual neurones are stochastic [18] 
for exploring alternative actions, for a given stimulus, 
during learning. The stochastic neurones add Gaussian 
noise to their activation. Thus the mean value of the 
activation is the usual dot product of the weight and 
input vectors: 

il(t) = W(t)x(t) {5) 

The neurone output is the result of passing the noisy 
activation 

y;(t) = N(jl;(t), u(t)) (i = 1..2) 

through a bipolar sigmoid with slope {3: 

2 
a;(t) = f(y;(t)) = (1 + e-fJy;(t) 1) 

{6) 

(i = 1..2) 

(7) 
Figure 10 shows the structure of the action mapping 

network. The 8 eye amplitudes form the vector e. We 
found that the eye amplitudes could be input to the 
action mapping network without preprocessing by the 
Kohonen network. The Kohonen map was still needed 
for the reinforcement funtion, though. The bias is set 
to 1 for the goal approach behaviour so that when e is 
zero (no beacon in the field of vision) the robot can still 
move. For the obstacle avoidance behaviour the bias is 
set to zero since in this case we want to robot to stop 
moving when the obstacle beacon is no longer in the 
field of vision. 

The vector eis normalised and together with the bias 
forms input vector x. Vector e is normalised for two 
reasons. Firstly, it prevents continual growth in the 
weights since the average of the eye amplitudes is not 
zero. Secondly normalising the inputs introduces dis
tance independence so that the distance between the 
beacon and robot does not affect training. 

With normalised inputs and weights around 1, a 
value of 2 for f3 produces a roughly linear relationship 
between the neurone activation levels y and outputs a. 

Rounding the outputs produces discrete motor speeds. 
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Figure 11: Reinforcement learning architecture 

7 Reinforcement learning 

Figure 11 shows a block diagram of the reinforcement 
learning module. The purpose of the modules is to 
adapt the parameters of the action mapping. The in
puts to the module are: the position of the beacon as 
determined by the !-dimensional Kohonen network, the 
noiseless action mapping activations jl(t) and actions 
ii(t). The outputs are the weight changes and the new 
standard deviation for the noise 0'( t + 1). The main 
components of the module are the reinforcement func
tion and the adaptation algorithm. 

7.1 Reinforcement functions 

The reinforcement signal r(t) provides a measure of 
how appropriate the agent's state is for the desired 
behaviour. The reinforcement depends on the current 
sensor outputs and the corresponding action. By con
vention the reinforcement signal takes continuous val
ues between -I and + 1, with the former indicating least 
appropriate and the latter indicating most appropriate. 
A reinforcement of zero or a small value indicates that 
the action is neutral for the desired behaviour. It would 
be desirable to let the agent find an appropriate rein
forcement function by itself. We do not yet know how 
t.o do this. Therefore we rely on an external specifica
ti(Jll (Jf the reinforcement function. It might appear that 
in this way we sidestep the learning process completely. 
This is not so. The desired behaviour is generated by 
a specific set of values of the action mapping's param
eters. These values are specific for a given physical 
implementation of the sensors and effectors. Whereas 
t,he reinforcement function is independent of the physi
cal realisation. The same reinforcement function can be 
usf~d on different agents, as long as the sensor and effec
tor signals retain the same meaning. The agent learns 
l.o us1~ its sensors and effectors to enact a behaviour 
SJH~r: ified in general form. 

We were interested in two behaviours: goal approach
ing and obstacle avoidance. For goal approaching the 
desired behaviour of the agent is to move forward, with 
t.he goal in the centre of its field of vision, so that it fol
low the shortest path to the goal. The situation where 
tbcre is no goal in the field of vision (the robot has 

turned its back to the goal) is undesirable and should 
be negatively reinforced. Likewise backing away from 
the goal is undesired behaviour, whereas turning to
wards the goal should be reinforced in proportion to 
how well it faces the goal. The reinforcement function 
r 9 for goal approaching can be specified by the following 
table: 

I Situation I Reinforcement I 
no goal in sight -1 
not moving or moving backwards -0.9 
turning away from the goal -2rx/rr 
turning towards the goal 0.95- 2rx/rr 
in front of the goal 1 

Where ex is the angle, in radians, of the orientation 
of the robot with respect to the goal. 

A reinforcement function r0 for obstacle avoidance 
behaviour can be constructed in a similar manner. In 
this case it is very undesirable for the agent to be close 
to the obstacle and facing it. To avoid an obstacle the 
robot has to turn away from the obstacle quickly until 
the obstacle is no longer in its field of vision. Move
ment of the robot is inappropriate since we want all 
movement to be caused by the goal approaching be
haviour. This is explained in section 8.5. It is most 
desirable to have the obstacle out of the field of vision. 
Turning away on the spot while the obstacle is still in 
the field of vision becomes more desirable the faster it 
turns. Appropriate reinforcement function values are 
as follows: 

I Situation I Reinforcement I 
close to and facing the obstacle -1 
moving -0.5 
turning towards the obstacle -0.5 
no obstacle in sight 1 
turning away from the obstacle I 0:/0:marr: I 

The exact values of the reinforcement function are in 
many situations not critical, as long as they are com
patible with the desired behaviour. 

7.2 Reinforcement learning algorithm 

For training the action mapping network we use Gulla
palli 's reinforcement learning algorithm [18] for stochas
tic neurones. In this algorithm the reinforcement signal 
controls the noise level in the neurone activation. The 
noise provides a mechanism for local exploration for 
better response of the neurones. The noise level de
creases when the reinforcement function signals more 
appropriate response: 

O'(t) = ku(l- r(t)) (8) 

where ku is a constant between 0 and 1. The weights 
are adapted in a way analogous to the delta-rule with 
the difference that the weight changes are not propor
tional to an error term but to the deviation of the noisy 
output from the mean (noiseless) output: 

~W(t+I) = ?J(l-1 r i)sgn(r)[y(t)-f(jZ(t))]i(tf (9) 

Where 11 is the learning rate and r is the reinforcement. 
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8 Implementation and Results 

8.1 Simulation 

To test the training method we first simulated the 
robot behaviour on an IBM-compatible PC using ANSI 
C code. The simulation implements the action map
ping and Kohonen network, performs the reinforcement 
learning algorithm, and displays the robot, beacons, 
and environment in a top-down view. The environment 
is a rectangular area whose edges define the limits for 
the robot's movement. To determine the conditions 
required in the reinforcement function we used the fol
lowing auxiliary quantities: 

n(t) is the winning neurone at time t as determined 
by the Kohonen network. It represents the angu
lar position of the goal or· obstacle. We labelled 
the neurones by their position number from left to 
right. The total number of neurones in the Koho
nen net was 33. 

turn to determine if the robot is turning 

turn= sgn(l n(t -1)- 171- I n(t) -17 I) (10) 

a The expression (n(t) - 17)/17 gives a normalised 
measure the of orientation, 2a/tr, of the robot rel
ative to the beacon. 

e(t) The vector of eye amplitudes. If max{edi = 
1..8} = 0 then no beacon is in the field of view. 
If max{e.-li = 1..8} = 255 the beacon is close by. 

a1(t)- ar(t) determines the translation of the robot. 
a1 and ar are the left and right motor speeds re
spectively. When this quantity is negative there is 
net backward motion and when it is zero there is 
no translation , but possibly turning on the spot. 

Each reinforcement function can be thought of as a 
mapping from a 6-dimensional input space {max{e;}, 
min{e;}, a1(t- 1), ar(t- 1), n(t), n(t- 1)) that de
scribes the agent's current state to a !-dimensional out
put that measures how appropriate the agent's current 
state is for the given behaviour. How the mapping is 
implemented is not important, so long as the value of 
the reinforcement increases the more appropriate the 
agent's action is. 

The reinforcement functions may seem rather compli
cated they only require a basic knowledge of the sensor 
and effector characteristics. No complex mathemat
ical modelling is necessary, and the only sensor pro
cessing required is calculation of the winning neurone 
(done automatically by the Kohonen network) and the 
maximum signal amplitude. Because the reinforcement 
functions define the behaviours only in terms of sen
sor input and effector output, learning takes place in 
the robots own internal representations, rather than in 
human-specified representations. 
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8.2 Training methodology 

We train for each behaviour separately using one bea
con. At the start of training the action mapping weights 
are set to zero. The reinforcement algorithm is applied 
to the action mapping network repeatedly until the be
haviour is learnt or deemed to be impossible to learn. 
A training step is one iteration of the reinforcement 
learning algorithm. A training cycle consists of plac
ing the robot at a random distance from a beacon and 
executing a maximum number ts of training steps, or 
until the robot reaches the limits of its environment, 
or until the robot succeeds in its task (r = 1), or until 
the robot failed (r = -1). To cover a wide range of 
starting conditions, for each new cycle the robot's ini
tial orientation was progressively turned away from the 
beacon. 

Several training cycles constitute one training at
tempt. After each attempt the weights were initialised 
to zero. Training attempts were terminated in one of 
two ways: when the percentage of successful training 
cycles fell below 80% or after tc cycles. In the for
mer case a new training cycle was started if the user
specified number of maximum training attempts ta had 
not been reached. 

The behaviour is assumed to have been learnt if a 
training attempt terminates at tc cycles. While tc 
is sufficiently large then the success rate of 80% en
sures the behaviour has been learnt. The behaviour 
is deemed to be impossible to learn if ta attempts are 
reached. 

Experimentation shows that a maximum of 300 train
ing steps, 100 training cycles, and 10 training attempts 
is sufficient to ensure that the behaviour is always 
learnt. Typically, it takes 1000-3000 iterations of the 
reinforcement learning algorithm to learn the goal ap
proach or obstacle avoidance behaviour. The number 
of training steps, cycles and attempts varies, however 
training is always successful within a few attempts. 
Failure only occurs if a very poor reinforcement func
tion is chosen, such as one containing conflicting aims. 

Several training attempts are often necessary due to 
the random search nature of reinforcement learning, the 
wheel and eye placement on the robot, and due to the 
reinforcement functions. Because of these factors the 
weights will sometimes reach a configuration that can
not be escaped from and that gives poor behaviour. 
When such a configuration occurs it is best to restart 
training with zero weights. 

8.3 Trained Behaviour 

When training is complete the reinforcement learning 
mechanism and the noise are switched off. Thus the ac
tion mapping network is now completely deterministic. 
After successful training the robot reaches the goal re
gardless of its initial starting position and orientation. 
The robot rotates until the goai comes into view, and 
then quickly centres it in its field of vision while mov
ing towards it. For obstacle avoidance the robot rotates 
away from any obstacles in its field of vision, regardless 
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Figure 12: Combination of Behaviours 

of its initial position and orientation. 

8.4 Parameter Sensitivity 

The following parameter values were used during train
ing: k17 = 0.5 and 7J = 0.7. The action mapping net
works for both behaviours show low sensitivity to the 
training parameters. Varying the value of constant k17 

between 0.1 and 1 has little effect on training speed or 
success rate. Only when the learning rate 1J is made 
very small ( 1J < 0.1) or very large ( T} > 1) is training 
speed visibly affected. In both cases the training speed 
and success rate decrease. A statistical analysis of the 
effects of the training parameters still remains to be 
done. 

8.5 Combining the Basic Behaviours 

When the reflexive behaviours of goal approach and ob
stacle avoidance combine, a new path finding behaviour 
emerges. The method of combining the behaviours is 
shown in Figure 12. There has to be an action map
ping network for each type of beacon in the environ
ment. The activations for each action mapping are 
simply added and limited to produce final left and right 
motor speeds. As mentioned earlier the eye inputs to 
the action mapping for goal approach were normalised. 
This is because we want the robot to move to the goal 
regardless of how far away it is. However for the ob
stacle avoidance behaviour we want a more local effect 
because the robot only should react to obstacles that 
are close. To achieve this the eye inputs were not nor
malised but scaled by 1/255 and then squared. With 
scaling alone the robot starts to react to an obstacle 
when it is too far away and the robot makes large de
tours around obstacles. Squaring the elements of ere
duces the range where obstacles can be detected .. Fig
ure 1:3 shows an example trace of the robot's position 
for the emergent path finding behaviour. Millan and 
Torras (27] used a two-layer network for to generate ac
tions for a path-finding behaviour . They showed that 
the mapping is not linearly separable. However they 
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Figure 13: Emergent Path Finding Behaviour. Typical 
trajectory in a robot simulation. The obstacle beacon is 
closest to the robot and represented by a single circle, 
while the goal beacon is displayed as two concentric 
circles. 

consider path finding as a single behaviour and do not 
attempt to decompose it into simpler ones. Asada et al. 
[3] have combined several simple behaviours to produce 
a new behaviour in the context of reinforcement learn
ing. They tested various alternatives in the context of 
discrete state reinforcement learning (Q-learning). The 
situation with our robot is simpler as our implementa
tion does not require a quantisation of the signal and 
action space. 

The advantage of decomposition for the behaviour 
of our robot is that each reflexive behaviour is learnt 
separately with a simple single-layer network. We com
bine the behaviours in the simplest way by adding the 
action mapping outputs. 

Two problems arose when combining the behaviours. 
The first occurred due to a poor initial choice in the 
characteristics of the obstacle avoidance behaviour. 
Originally this behaviour caused to robot to reverse 
away from obstacles. However, when combined with 
the goal approach behaviour, the robot often came to 
a standstill as the two behaviours cancelled each other 
out. Thus we decided that all net movement would be 
produced by the goal approach behaviour, so that some 
movement was always guaranteed. 

The second problem is inherent to the purely reflexive 
nature of the behaviour. It is possible to place beacons 
in such a way that the behaviours cancel out, driving 
the robot into a wall or a beacon, or causing it to come 
to a halt. 

Despite the limitations of a purely reflexive system, 
the path finding behaviour also works well with addi
tional beacons. For each beacon an action mapping 
with the appropriate weights is added to the structure 
shown in Figure 12. As can be seen in Figure 14, the 
robot still succeeds in reaching the goal in the presence 
of several obstacles. 

In our current implementation neither of the reflexive 
behaviours attempts to halt the robot when it reaches 
the goal. We simply stop the operation of the net
work . However it would be straightforward to imple
ment a reversing behaviour that outputs motor speeds 
that have the opposite sign of thos~ produced by goal 
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Figure 14: Emergent Path Finding Behaviour With 3 
Obstacles 

approach, and are proportional to the distance to the 
goal. When added to the goal approaching behaviour 
the robot would come to a halt near the goal. 

8.6 Robustness and Versatility 

The robot and its learning system show robustness and 
versatility. Robustness means that the robot can per
form its task efficiently even when the sensors and effec
tors are inaccurate or drifting. Versatility means that 
the architecture requires only a few simple modifica
tions to take into account new robot characteristics. 

Robustness arises from four interrelated sources. The 
first is the presence of the external feedback loop. Dur
ing operation, signals from the eyes cause motor speeds 
that via the environment cause new eye signals. If for 
example the motors have slightly different actual speeds 
for equal action mapping outputs, the feedback loop 
provides an automatic means of adjustment. The robot 
knows nothing about inaccurate motors, it simply sees 
that it is off course and adjusts accordingly. 

The second source of robustness comes from the ac
tion mappings. Each mapping is a multidimensional 
function that incorporates the characteristics of the 
robot for a given behaviour. This can be interpreted 
as a self-calibration property, similar to that of the Ko
honen network. Figure 5 shows that the real robot's eye 
characteristics are neither uniform nor identical. This 
has no consequences since the characteristics of the eyes 
are encapsulated in the action mapping weights. Re
gardless of the inaccuracy, if the goal is on the left, the 
robot will turn to the left. If the eye characteristics 
have drifted over time and the turn is inaccurate the 
feedback loop provides compensation. 

The third source of robustness relates to the eye re
dundancy. Simulations have shown that with 8 eyes, 
all can be inaccurate and several can even fail without 
significantly affecting performance. 

Finally the fourth source of robustness is the Koho
nen network. During training the winning neurone is 
one of the inputs to the reinforcement functions. As 
explained in section 4.3, using the winning neurones 
to calculate the beacon direction is significantly more 
accurate than using the raw eye amplitudes. 
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Versatility comes from the structure and from re
inforcement learning. Very little previous knowledge 
about the characteristics of the robot is needed. It re
quires only minimal changes to adapt the system to 
new robot characteristics. For example, if the robot's 
eye configuration changes, the only human intervention 
required is retraining of the Kohonen network and may 
be a few simple modifications to the reinforcement func
tions. Once the reinforcement functions are modified it 
is a simple matter to retrain for each behaviour. 

8. 7 Behaviour of the Real Robot 

So far the real robot uses the action mapping networks 
for goal approach and obstacle avoidance with network 
weights learnt in the simulation. The goal approach 
and obstacle avoidance behaviours work satisfactorily. 
Combination of the behaviours also produces a reason
able path finding behaviour as predicted by simulations. 
That the behaviours learned by simulation work on the 
real robot validates the simulations. We still lack the 
means, other than video, to record the trajectory of the 
robot in its environment, therefore we show the screen 
displays from our simulation to convey the kind of tra
jectories the real robot follows. On the real robot the 
performance is somewhat reduced because of ambient 
light affecting the vision system. 

9 Conclusion 

An autonomous mobile robot must be able to navigate 
in uncharted environment. There is still a significant 
technological challenge in designing a simple, generic 
and robust navigation control system. The flexibility 
and adaptability of neural networks make them attrac
tive as building blocks for control systems for diverse 
sensory-motor tasks. Use of neural networks goes hand 
in hand with machine learning methods to train the 
networks. In recognition to the demand for demon
strations of the viability of learning and control algo
rithms in real systems we described an inexpensive mo
bile robot for experimentation with learning and con
trol methods. Within the constraints imposed by our 
selection of a cheap sensor system, we showed that it 
is possible to realise a generic navigation system using 
neural networks and reflexive behaviours only. 

A Kohonen network converts a simple sensor array 
into a crude vision system. The robot navigates as a re
sult of two superposed behaviours: goal approach and 
obstacle avoidance. Our learning scheme is halfway be
tween supervised and unsupervised learning. Learning 
is by means of a predetermined reinforcement function, 
for each behaviour, that requires onlygeneral knowl
edge of the robot'sarchitecture. The learned behaviour 
allows the robot to find apath to the goal in almost 
all situations, even with multiple obstacles in the envi
ronment. So far learning was undertaken only in sim
ulation. It took between 1000 and 3000 iterations of 
the reinforcement learning algorithm to learn the be
haviour. The behaviour learned in the simulation also 
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worked when transferred to the real robot. 
Preliminary experiments with training the robot in 

real time were also success. These experiments will be 
described in more detail in a forthcoming paper. 

References 

[1] R C Arkin. Motor schema-based mobile robot 
navigation. International Journal of Robotics Re
search, 8(2):92-112, August 1989. 

[2] Ronald C. Arkin. Integrating behavioral, per
ceptual, and world knowledge in reactive naviga
tion. Robotics and Autonomous Systems, 6:105-
122, 1990. 

[3] Minoru Asada, Eiji Uchibe, Shoichi Noda, Sukoya 
Tawaratsuminda, and Hosoda Koh. Coordina
tion of multiple behaviours acquired by a vision
based reinforcement learning. In Proceedings of 
the 1994 IEEE International Conference on Intel
ligent Robots and Systems, volume 2, pages 917-
924, 1994. 

[4] Valentino Braitenberg. Vehicles. MIT Press, 1984. 

[5] Rodney A. Brooks. A robust layered control sys
tem for a mobile robot. IEEE Journal of Robotics 
and Automation, 2:14-23, March 1986. 

[6] Rodney A. Brooks. A robot that walks: Emegent 
behavior form a carefully evolved network. Neural 
Computation, 1(2):253-262, 1989. 

[7] Rodney A. Brooks. Elephants don't play chess. 
In Pattie Maes, editor, Designing Autonomous 
Agents: Theory and Practice from Biology to Engi
neering and Back, pages 3 - 15. MIT Press, Cam
bridge, MA, 1990. 

[8] Rodney A. Brooks, Jonathan H. Connell, and Pe
ter Ning. Herbert: A second generation mobile 
robot. MIT AI Memo 1016, January 1988. 

[9] Rodney A. Brooks and Anita M. Flynn. Robot 
beings. In IEEE/RSJ International Workshop on 
Intelligent Robots and Systems '89, pages 2-10, 
Tsukuba, Japan, 1989. 

[10] Paul M. Churchland. A Neurocomputational Per
spective : The Nature of Mind and the Structure 
of Science. MIT Press, 1989. 

[11] Andy Clarke. Being there: Why implementation 
matters to cognitive science. Artificial Intelligence 
Review, 1:231-244, 1987. 

[12] Marco Colombetti, Marco Dorigo, and Giuseppe 
Borghi. Beavior analysis and training- a method
ology for behavior engineering. IEEE Transac
tions on Systems, Man and Cybernetics - Part B, 
26(3):365 - 380, June 1996. 

[13] Jonathan H. Connell. Creature building with the 
subsumption architecture. In IJCAI-87, pages 
1124-1126, Milan, August 1987. 

[14] Peter Do, Paul Logothetis, Kurt Malmstrom, 
Ashley Moore, Lance Munday, Sean Ryan, and 
Joaquin Sitte. Modular sensors and effectors for 
transputer-based real time control. In Proceedings 
of the Parallel Computing and Transputers, Pro
ceedings of the 6th Australian Transputer and Oc
cam User Group Conference, pages 286-293, Bris
bane, 1993. OIS Press. 

[15] Yean-Ives Donnart and Jean-Arcady Meyer. 
Learning reactive and planning rules in a moti
vationally autonomous animat. IEEE Transac
tions on Systems, Man and Cybernetics -Part B, 
26(3):381- 395, June 1996. 

[16] Anita M. Flynn, Rodney A. Brooks, William M. 
Wells, and David S. Barrett. The world's largest 
one cubic inch robot. In Proceedings IEEE Micro 
Electra Mechanical Systems, pages 98-101, Salt 
Lake City, Utah, February 1989. 

[17] D. Gachet, M.A. Salichs, Moreno L., and Pimentel 
J .R. Learning emergent tasks for an autonomous 
mobile robot. retrieved from an ftp site, 1993. 

[18] V Gulapalli. A stochastic algorithm for learning 
real-valued functions via reinforcement learning. 
Coins 88-91, University of Massachusetts, Depart
ment of Computer Science, 1988. 

[19] C.A.R. Hoare. Communicating Sequential Pro
cesses. Prentice Hall, New York, 1985. 

[20] L. Joseph Jones and Anita M. Flynn. Mobile 
Robots. A K Peters, Ltd, Wellesley, MA, USA, 
1993. 

[21] Teuvo Kohonen. Self-Organization and Associative 
Memory. Springer-Verlag, 2nd edition, 1988. 

[22] Inmos Limited. The Transputer Databook. Inmos, 
1989. 

[23] Luis R. Lopez. Neural processing and control for 
artificial compound eyes. In IEEE International 
Conference On Neural Networks, volume V, pages 
2749-2753, 1994. 

[24] Pattie Maes. Behaviour-based artificial intelli
gence. In Proceedings of the 2nd Conference on 
Adaptive Behaviour. MIT Press, 1993. 

[25] Kurt Malmstrom, Lance Munday, and Joaquin 
Sitte. A simple robust robotic vision system us
ing kohonen feature mapping. In Proceedings of 
the 1994 Second Australian and New Zealand Con
ference on Intelligent Information Systems, pages 
135 - 139, Brisbane, Australia, 1994. 

Winter 1997 Australian Journal of Intelligent Information Processing Systems 



[26] Jose del R. Millan. Rapid, safe and incremental 
learning of navigation strategies. IEEE Transac
tions on Systems, Man and Cybernetics-Part B, 
26:408-420, 1996. 

[27] Jose Del R Millan and Carme Torras. A reinforce
ment connectionist approach to robot path finding 
in non-maze-like environments. Machine learning, 
8:363-395, 1992. 

(28] Francesco Mondada, Edoardo Franzi, and Paolo 
Ienne. Mobile robot miniaturisation: A tool for in
vestigation in control algorithms. In The Third In
ternational Symposium on Experimental Robotics, 
Kyoto, Japan, October 1993. 

(29] Bruce W. Saunders, David V. Thiel, and Alan 
Mackay-Sim . An artificial olfactory system using 
tiered artifical neural networks. In Second Aus
tralian and New Zealand Conference on Intelligent 
Systems, pages 76-80 , Brisbane, Australia, 1994. 

[30] Tim Smithers. Taking eliminative materialism se
riously: A methodology for autonomous system re
search. In Francisco J . Varela and Paul Bourgine, 
editors, Towards Practice of Autonomous Systems, 
Proceedings of the First European Conference on 
Artificial Life, pages 31 - 40. MIT Press, 1992. 

Australian Journal of Intelligent Information Processing Systems 

141 

Winter 1997 




