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ABSTRACT

The strategy presented in this paper is based on modifying
the past patterns and adjusting the content of the driving
patterns by a new algorithm. Learning happens during the
driving procedure of a mobile vehicle. The purpose of this
paper is to solve the problem how to realize the hardware
neurocomputer by back propagation (BP) neural network
learning on-line.

1. INTRODUCTION

Learning and adaptation especially are essential charac- .

teristics of intelligent control systems and, while adap-
tation does not necessarily require a learning ability for
systems to be able to cope with a wide of variety of unex-
pected changes and environments, learning is invariably
required. Though the maximum principle in the frame-
work of optimal control theory can compute time optimal
paths with constraint conditions, it is not easy for an ar-
bitrary nonholonomic system to compute a time optimal
path by using this principle and only approximate solu-
tions are given in general cases. The strategy presented
in this paper is based on modifying the past patterns and
adjusting the content of the driving patterns. Learning
actions happen during the driving procedure of the mo-
bile vehicle. Our basic idea is to use the human knowledge
to make the mobile vehicle be capable of learning, eval-
uating results of actions and modifying the inputs of the
controller itself in order to acquire optimal or near-optimal
results.

The training the neural network or neural controller based
on human expert experience is sometimes very feasible
method, especially for those complex and hardly defined
processes. The BP neural network model changes the
input-output problem of a set of sample into a nonlin-
ear optimal map[l]. The steepest descent method, one
of the common near-optimal algorithms, is applied. The
learning and keeping are realized by weight update with
recurrent computation in the inner neural network.

The purpose of this paper is to solve the problem how to
realize the hardware neurocomputer which a BP neural
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Fig. 1. The neural network in RN-2000

network is inside as shown in Fig.1 learning on-line on the
base of our former researches|2](3](4].

2. PROBLEMS TO BE SOLVED

The on-line control of the mobile vehicle is based on the
neural control and applied the new algorithm into the
teaching patterns. The key point of this new algorithm
is utilize a cost function to evaluate the teaching patterns
used in the neurocomputer RN-2000, and then produces
new teaching patterns. These new patterns will be used
to train the neurocomputer again. This algorithm needs
several driving periods till satisfactory driving results are
practiced. The control system is shown in Fig. 2. In nor-
mal case, the former patterns are used to train the mobile
vehicle. If a teaching pattern changes nothing, what the
mobile vehicle has learnt will be no change. In order to
get more driving knowledge, pattern changes are hopeful.
Let us introduce a cost function J(t). The cost function
are definited as the difference between the driving posi-
tion q(t) and desired position qg(t) at the time t, the
cost function is also used to operate the logical switch K1
and K2 to control which patterns are put into use.

Let Jnaz be the maximum allowing driving difference, if
at a time index ¢, driving difference J(t) = ||q(t) — q4(t)|l



<= Jiaz, SWitch K1 will be in state of f and K2 in state
on, former patterns are not be changed. Otherwise K1
will be in the state on and K2 in the state of f, former
patterns will be put into a renewing and reproduction pro-
cess. To the RN-2000, the teaching patterns must be kept
in the form of memo note document, so the results of
pattern changes must be represented in one of the memo
note document and consist of head mark, pattern number,
numbers of input patterns and output patterns, input-
teaching patterns and output-teaching patterns. During
a driving procedure, the driving result is detected by the
cost function J(t), and teaching patterns are adjusted at
the same time, the new algorithm reproduces patterns ac-
cording to the basic patterns which cause of J(t)< Jax,
and deleted the patterns which made J(t)>Jnaz- "And the
total patterns are limited in 64 because of the construct
of the neurocomputer hardware[2]. The neurocomputer
RN-2000 works in the back propagation method{1][4]. An
example of real training patterns in a neural controller is
presented in Table 1.

3. DESCRIPTION OF THE LEARNING

ALGORITHM

The combinatorial optimization problem can be described
as foollows:

ngn J(x) (1)
subject to ze€ X (2)
Xcy (3)

where = is possible optimal solution, J(z) is objective
function, X is the set of possible optimal solutions and
Y is the set of all of solutions. The aim is to search the
suitable {z} to get J(z) < Jnax-

From the teaching patterns shown in Table 1, it can be
seen that the input patterns consist of two strings 127
and 0, the driving knowledge is composed by the differ-
ent arrangement of 16 possible units and an output unit.
The new algorithm will change the structure of the neural
network in the neurocomputer and the control outputs.

16 neurons in input layer

I i

Input neuron state: 0 or 127

Fig. 2. Input layer of RN-2000

Table 1: Teaching patterns docuinent

Content Notes Name
RNC-DAT head mark /

7 total patterns /

1 numberS of BP /

71 I/0 neurons /
127000000 input pattern pattern 1
10 output pattern | pattern 1
012700000 input pattern pattern 2
20 output pattern | pattern 2
001270000 input pattern pattern 3
30 output pattern | pattern 3
000127000 input pattern pattern 4
40 output pattern | pattern 4
000012700 input pattern pattern 5
50 output pattern | pattern 3
000001270 input pattern pattern 6
60 output pattern | pattern 6
000000127 input pattern pattern 7
70 output pattern | pattern 7

The principle is illustrated in Fig. 3. Driving patterns
are classified into m classes and every class presents a kind
of path, for example line, curve and so on. The number
of patterns in each class may be equal or not equal. In
the case of Fig. 3, two patterns are included in Class
1, j — 1 patterns are in Class k, and class m has only
pattern n. Class 1 present direct path , Class k present
urgent curve path and class m present curve path. Let the
min{J11, J12, J13, J14}=J 1, min{Jml, Jm2, Jm3,
Jmay=Jm . If the Jlp,= J12, and Jmp,= Jml,
respectively, the patterns are formed based on the cost
function J12, and Jm1l, in Class 1 and Class m. Here
Jnin (I = 1,2,---,m) is the minimum cost function in
the four cost function in a same driving procedure T'. The
on-line learning needs a certain distance to begin because
at least 2 cost function are necessary in a class. There two
cases:

Case 1. If Jlpnin>Jimax, this is considered that the
teaching signal is not good enough and caused a driving
difference which does not be allowed. In order to pro-
duce more skillful driving knowledge, the past patterns
had to be reformed. In the control system of the mobile
vehicle, the output-teaching signal is the steering control
invariable to the motor driver. If the output-teaching sig-
nal is adjusted according to the Ji,,;.(t), then the good
propelling results can be expected and after several driv-
ing procedure, the x in Eq.(1) to get Jlnin(2) < Jpae 18
possible. We use the class 1 in Table 1 as an example to
illustrated the process. Assume that J,,,,=200mun, and
at a time index t J1nmin(t)=min{J11(t), J12(t)}=312(t)
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Fig. 3. On-line learning system of the mobile vehicle
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Fig. 6. On-line learning system of the mobile vehicle
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Table 2: Teaching patterns document

00000127127
63

77
127000 127 0 127
84

input pattern
output pattern

output pattern
input pattern
output pattern

Content Notes Naie
RNC-DAT head mark /
7 total patterns /
1 numberS of BP /
131 1/0 neurons /

12700012700 input pattern pattern 1
14 output pattern | pattern 1
01270001270 input pattern pattern 2
16 output pattern | pattern 2
12700000 127 input pattern pattern 3
18 output pattern | pattern 3
127000000 input pattern pattern 4
15 output pattern | pattern 4
001270000 input pattern pattern 5
30 output pattern | pattern 5
000127000 mput pattern pattern 6
40 output pattern | pattern 6
000012700 input pattern pattern 7
50 output pattern | pattern 7
000001270 input pattern pattern 8
60 output pattern | pattern 8
00001270 127 input pattern pattern 9
56 output pattern | pattern 9

pattern 10
pattern 10

000000 127 input pattern pattern 11
70 output pattern | pattern 11
127000 0 127 127 input pattern pattern 12

pattern 12
pattern 13
pattern 13

=min{400, 300}=300mm, and pattern 2(former pattern)
i Fig. 5 is corresponding to the pattern 2 in Table 1 and
the output-teaching signal is 20. That 10 and 20 in class
1 caused ||J1min(t) — Jmaz|=100 driving difference. So
the 10 is regard as bad one, four new patterns are formed
according to the pattern 2 and are illustrated in Fig. 5.
Fig. 5 gives the former pattern and new patterns. In
Fig. 5 the output teaching patterns are calculated by:
pattern 4: (20+10)/2=15, pattern 3: 20x90%=18, pat-
tern 2: 20x 80%=16, pattern 1: 20x70%=14, Finally,
the data is wrote into the former memo note and start
the new learning process. If necessary, the class can be
divided into more detail as shown in Fig. 4.

Case 2: If J1,,;r,<Jmaxz, 1t is regarded as good teach-
ing patterns, then the all of teaching patterns will be re-
newed according to this good pattern. We take the pat-
tern 7 in Table 1 as example. The pattern 7(former pat-
tern) in Fig. 6 is corresponding to the pattern 7 in Table
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1. Assume that J,,,,=200mm, and at a time index ¢
JTmin(t)=J71(t)=90mm(here, m=7). A complete teach-
ing document is illustrated in Fig. 7.

4. EXPERIMENTS AND DISSCUSIONS

From Table 2 we can see that the new patterns more de-
tails classification than the human knowledge, and the
knowledge increase gradually. The new patterns in Fig.8
is used to train the neurocomputer. Compared the re-
sults of the teaching patterns in Table.1 and in Table 2,
new patterns contribute obvious good features to the mo-
bile vehicle control system. The results are shown in Fig.
7. The input unit is millimeter, and output unit is pixel
distance. One pixel distance is about 10mm. More near-
optimal teaching patterns show better' results than the
former one. This can be understood easily because the
mobile vehicle has gotten more driving knowledge after
learning on-line and is capable of running good paths.

5. CONCLUSIONS

Teaching signal is necessary for BP neural network to learn
human knowledge. In normal ways, human has to make
these teaching signals. In the mobile vehicle control sys-
tem, a neurocomputer, which BP neural network is inside,
is not only applied to control the driving action, but also
realized the learning on-line. In order to get better results
learning on-line is one of important nethod, though it is
difficult. The strategies shown in this paper pay atten-
tion into those output-teaching patterns and utilize a new
algorithm to realize the combinatorial near-optimization
method. This idea not only suitable to improve the learn-
ing way of the neurocomputer RN-2000, but also helpful
to this kind of BP neural network.

6. REFERENCES

(1] Y. Anzai, "Pattern recognition and machine learning”,
it Academic Press, New York, 1992

[2]M. Sugisaka, X. Wang, ”A complex control method for
an intelligent mobile vehicle”, Proceedings. of the 1996
IEEE Intelligent Vehicles, Beppu Qita, Japan, pp. 53-57,
1996.

[3] M. Sugisaka, X. Wang, J.J. Lee,” Intelligent control
strategy for smooth running a mobile vehicle with neu-
rocomputer”, it Proceedings of the Twelfth International
Conference of System Engineering, Coventry, UK, pp. 664-
669, 1997.

[4] M. Sugisaka, X. Wang, J.J. Lee,”Intelligent control
with new imaging processing strategy for a mobile vehi-
cle”, it Proceedings of the 2nd International Symposium
on Artificial Life and Robotics, Beppu Oita, Japan, pp.
95-98, 1997.



400

OQutput
: input (pixel difference)
———— :output using patterns in Fig. 3

:output using patterns in Fig.9

A

P time

Fig. 7 Comparison of the two teaching results

178

50

-50



