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Abstract: In this paper, we present a new control method firstly for nonlinear systems using
Universal Learning Network(ULN) with radial basis function(RBF). ULN can model and control
the large scale complicated systems such as industrial plants, economic, social and life phenom-
ena. The basic idea of ULN is that large scale complicated control systems can be modeled by
the network which consists of nonlinearly operated nodes and branches which may have arbitrary
time delays including zero or minus ones. Second, a new learning algorithm is applied to the
design of the optimal network controller of a nonlinear control system. The optimization method
is named RasVal, which is a kind of random searching, and it can search for a global minimum
systematically and effectively in a single framework which is not a combination of different meth-
ods. The searching for a global minimum is carried out based on the probability density functions
of searching, which can be modified using information on success or failure of the past searching
in order to execute intensified and diversified searching.

Simulation studies were carried out in the following four cases to compare the learning speed and
performance: (1). comparing Radial Basis Function(RBF) with Sigmoid Function(SF) based on
the gradient method. (2). comparing RBF with SF based on RasVal. (3). comparing RasVal with
the gradient method for the RBF controller. (4). comparing RasVal with the gradient method
for the SF controller.

By applying RasVal and the gradient method to a nonlinear crane control system, it has been
proved that the simulation results of ULN with RBF based on the gradient method are superior
in performance to those of neural networks, and it has also been shown that the RBF control has
better performance for the generalization capability than the neural network control based on the
gradient method. On the other hand, it has been shown that the neural network control based
on RasVal has better performance than the RBF control.

At the same time, it has been shown that the RasVal is superior in performance to the commonly
used back propagation learning algorithm whether the RBF controller or the NN controller is
used. On the other hand, the generalization capability of a Radial Basis Function controller using
RasVal was studied and it is shown that a new method is effective to overcome the over-fitting
problem in nonlinear control systems.

Keywords: Universal learning network, Random search method, Nonlinear control, Neural
network, Radial basis function, Generalization capability

1. Introduction

Nowadays, neural networks have been widely
used in the control fields because of their remark-
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able ability to control the nonlinear systems. A neu-
ral network which has only one hidden layer can
approximate exactly any nonlinear system theoret-
ically. To achieve this, a large number of hidden
units are needed. That is, the structure of the neu-
ral networks become complicated and the learning
of the network becomes very time-consuming. This
is the main problem to be solved for neural net-
works. On the other hand, the radial basis function
network is taken notice with regard to the learning
speed and performance. We believe that in the fu-
ture the radial basis function will be widely used
to control systems. But, there are some unknown
problems that should be solved when the radial ba-



— 198 —

N. SHAO, K. HIRASAWA, M. OHBAYASHI, J. MURATA, K. TOGO and J. HU

sis functions are applied to the nonlinear control
systems.

A new control method has been presented for the
nonlinear control systerns using Universal Learning

3), Univer-

Network with the radial basis function
sal Learing Network (ULN )1) is a new-type of net-
work which can be used to model and control large-
scale complicated systems such as economic, social
and living phenomena as well as industrial plants.
Universal Learning Network consists of nonlinearly
operated nodes and multi-branches that may have
arbitrary time delays between the nodes.

In the above system using Universal Learning
Network, as learning algorithm of parameters in the
controller was based on the gradient method, the
problem of falling into a local minimum that leads
to low efficiency of learning could not be solved. To
overcome this problem, a new learning algorithm
that can search for a global minimum has been pre-
sented and it was applied to build the optimal con-
troller of a nonlinear control system. The proposed
learning algorithm is called RasVal®) which is an ab-
breviation of Random Search with Variable Search
Length and it can search for a global minimum sys-
tematically and effectively in a single framework
which is not a combination of different methods.
RasVal is a kind of random search based on the
probability density function of searching, which can
be modified using information on the results of the
past searching in order to execute the intensified
and diversified searching. The features of RasVal
are as follows.

(1) it does not require differential calculations as
the gradient method, therefore, it takes a shorter
calculation time than the gradient method.

(2) random search with the intensification and di-
versification is carried out in order to solve the local
minimum problem.

In this paper, simulation studies were carried out
in the following four cases to compare the learning
speed and performance:

(1) comparing radial basis function(RBF) with
sigmoid function(SF) based on gradient method.

(2) comparing radial basis function(RBF) with
sigmoid function(SF) based on RasVal.

(3) comparing RasVal with gradient method for
the RBF controller.

(4) comparing RasVal with gradient method for
the NN controller.

By applying RasVal and the gradient method to
a nonlinear crane control system, it has been proved
that the simulation results of ULN with RBF based

on the gradient method are superior in performance
to those of neural networks, and it has also been
shown that the RBF control has better performance
for the generalization capability than the neural net-
work control based on the gradient method. On
the other hand, it has been shown that the neural
network control based on RasVal has better perfor-
mance than the RBF control.

At the same time, it has been shown that the
RasVal is superior in performance to the commonly
used back propagation learning algorithm whether
the RBF controller or the NN controller is used.

In the simulations to study the generalization ca-
pability of RasVal, it was found that too much learn-
ing causes the over-fitting problem, that is, the con-
trol system becomes unstable at the different con-
dition from that of learning. In the reference 5), a
new method to overcome the over-fitting problem in
the nonlinear control systems was proposed, where
the weighting coefficients of control variables in the
criterion function are increased in order to obtain
the generalization capability of RasVal. From sim-
ulation results of a nonlinear crane system, it has
been shown that the smaller the scale of the RBF
controller is, the smaller the weighting coefficients
of the control variables could be.

2. Universal Learning Network
The structure of the ULN is shown in Fig.1.
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Fig.1 Structure of ULN with Multi Branches

Basic equation of ULN is represented by Eq.(1):

h;(t) = O;({hi(t — Dij(p))li € JF(j), p € B(i, )},
{ra®)In € NG} {Am(t)lm € M(5)}) (1)
jedJ, teT
where,
h;(t): output value of node j at time ¢;
Am(t): value of m th parameter at time ¢;
rn(t): value of n th external input variable at time
t;
Oj: nonlinear function of node j;
D;;(p): time delay of p th branch from node 7 to
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node j ;
JF(j): set of numbers of nodes whose outputs are
connected to node j;
JB(j): set of numbers of nodes whose inputs are
connected from node j;
B(i,j): set of numbers of branches from node i to
node j;
N(j): set of numbers of external input variables
that are fed into node j;
N: set of numbers of external input variables;
M(j): set of numbers of parameters that are
included in node j;
M: set of numbers of parameters;
J: set of numbers of nodes;
T: set of sampling times;
ULN is trained so as to minimize a crite-
rion(evaluation) function which can be generally
written as,

:E({hr(s)}7{>‘m(5)}) (2)

re Jyg,me My,s €Ty
where
Jo: set of numbers of nodes related with evaluation;
My: set of numbers of parameters related with
evaluation;

Ty: set of sampling times related with evaluation.

The important features of ULN are such that the
function of the nodes can take any nonlinear func-
tion and that the nodes can be connected arbitrar-
ily. So the structure of ULN is a general one in
the sense that ULN with sigmoid functions and one
sampling time delays corresponds to the recurrent
neural network.

Therefore, ULNs form a superset of all kinds of
neural network paradigms with supervised learning
capability.

3. ULN with RBF and NN

3.1 Learning algorithm of ULN with
RBF
ULN with RBF can be expressed as follows.

hit)= Y [fim(@jm)] +b; (3)
meL(j)
fjm(xjm) = kjmewp(:zjm) (4)
hl t— Dy (p)) — him
Tjm = = Z Z ( J )()p) j (p) )2 (5)

wJF(a)peBu 3) %im

where,

L(j): set of numbers of nonlinear functions
of node j ;

kjm i (9),0%,,(p),b;: parameters for node j.
Learning algonthms of ULN with RBF based on
the gradient method is shown below.
OE i
+ B } (6)

h;m(P) — h,;-m (p) = {Z ()Bh’:](t(lp)) 5(J, t’):\ + O}L?E(p) }

e L I™
(7)

Oh; (tr .
kjm ‘_kjm_”/{ E {3;( Va5, 1)
bjm
treT

; ; Ohy (1)
O‘Jl,m(p) - O‘l‘m, (p) - 6( t/ )
J {; ( ) Jm(l’)}(

8

b=t ~w{z ["’;;b() D5 t)} E]} )
teT X

3hk T + D]k(p)
ah, (1)

= >

ke JB(j) peB(j,k)
OF

——— 0k, t + Dji(p))

+ 0 (10)

where, E: criterion function.

3.2 Learning algorithms of ULN with
SF

For ULN with sigmoid functions Eq.(1) can be
specifically rewritten as follows,
1—e "
hi(t) = ——— 11
0= ()

Yoo D (wuphilt -

i€JF(j) pEB(i.5)

Dij(p))] + b;(12)

where,
b;: the threshold of node j.
w;;(p): the weight associated with the branch from
node 7 to j.
Learning algorithms of ULN with SF based on
the gradient method are as follows.

Oh,(tr) OF
5 |Gy 2] + 6wv,:.,-<p>}

treT

wij (p) — wi;(p) =~ {
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4. Random Search Method with Vari-
able Search Length — RasVal

When learning algorithm of parameters in the
controller is based on the gradient method, the
problem of falling into a local minimum that leads
to low efficiency of learning can not be solved. In
this section, a new learning algorithm named Ras-
Val is presented and it is applied to build the opti-
mal controller of a nonlinear control system. Ras-
Val can search for a global minimum systematically
and effectively in a single framework which is not a
combination of different methods. RasVal is a kind
of random search based on the probability density
function of searching, which can be modified using
informations on the results of the past searching in
order to execute intensified and diversified search-
ing. The features of RasVal are such that it does not
require differential calculation as gradient method,
therefore, it takes a shorter calculation time than
the gradient method, and random search with inten-
sification and diversification is carried out in order
to solve the local minimum problem.

Calculation procedure of RasVal is as follows.

if EMtz)<BEQ))=X—A+z;  (14)

(Searching is a success)

if B(A+z)> B\ = X— A\ (15)

(Searching is a failure)
where,
E : criterion function;
A=A Ao AT parameter vector;
T = [21...Tp...x| 0|7 : parameter search vector.
The probability density function f(z) of searching

r,(see Fig.2) is represented by Eq.(16) and (17):

pmﬂeﬂzma Ty, <0
L A (16)
Pmt+qm =1 (17)

Therefore x,, can be calculated as follows:

— 2 = %m(;;) (18)

if 0<z<pnm

1 1—
if pm<z§1.O:>xm:—Eln( z

) (19)

m

where, z : random numbers in [0,1].

Parameters 3, pr,, gm of f(zm) which are related to
searching range and direction are modified based
on the information of success or failure of the past
searching as follows.

B=pPe "+ (20)
In the case of negative direction searching :

Pm —— QPm + (1 - (1) -SF (21)

In the case of positive direction searching :

qme—aqm—l—(l‘a)'SF (22)

In the case of failure,

ne—mn+1 (23)

In the case of success,

n«—n, n =0; (24)

ne—n-—-1, 0<n<ng (25)

n «— no, n > ng (26)
where,

SF = 1.0, in the case of success;
SF = 0.0, in the case of failure;
a : exponential filter coefficient;
B + 3 : upper limit of 3;

B lower limit of B;

n : coefficient.

Xm

Fig.2 Probability Density Function of Searching xm,
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Fig.3 Explanation of Intensification and Diversification

From Fig.3 and Eq.(14) ~ (26), intensification
and diversification of the search can be realized;
when there is quite a possibility of finding good solu-
tions around the current one(as A in Fig.3), inten-
sified search for the vicinity of the current solution
is carried out; on the other hand, when there is no
possibility of finding good solutions(as B in Fig.3),
diversified search is executed in order to find good
solutions in the region far from the current solution.

5. Simulations

5.1 Nonlinear Crane Control System

A nonlinear crane system(Fig.4) is studied in or-
der to compare the performance of the controller
with RBF and NN and to compare the performance
of the gradient learning and RasVal learning. The
aim of the control is to bring the trolley to the tar-
get position, and to winch the load to the target
height at the same time while making the angle of
the load as small as possible.

5 roI—*

Fig.4 Nonlinear Crane System
The equations of the crane system are represented
by the following:
Mgy _ D+G, G

M+m , D+G. G
O=—ar 9~ —ar 2t gt (28)
j= CHGCmi, Cm, (29)
m m
where,

M: mass of the trolley;
m: mass of the load; [: height of the load;

0: angle of the load;
x: location of the trolley;
C, D: coefficients of the friction.
Ug, Uy,: input voltage to the system from the con-
troller to the crane system.
Assuming the following,

h(t) = 2(t) ha(t) = (1)
ha(t) = 0(t) ha(t) = 9( )
hs(t) = 1(t) he(t) =(t)

then, the above equations can be expressed by the

discrete time form.

hl (t) = allhl(t - 1) + a21h2(t — 1) (30)
hg(t) = a22h2(t - 1) + agghg(t — 1)

+ brug(t) (31)
h3(t) = a33h3(t - 1) =+ a43h4(t - l) (32)
h (t) —a hg(t - 1) a h3(t — 1)

4 s h5(t — 1) 34 h5(t — 1)

+ (144h4(t - 1) + hr (fi 1 Ud(t) ({3‘3)
h{,(t) = (L55h5(t - 1) + a hg(t — 1) (34)
h,ﬁ(t) = (lv(jﬁh(g(t - 1) + sz,,L(t) (35)

where
a;;: coefficients representing the system paraments.

crane system

X 1 1
1 {
m 0 Ne
Xret|
]

% RBFN
control system

Fig.5 Structure of Nonlinear Crane Control System

lreg

The structure of the nonlinear crane control sys-
tem is shown in Fig.5. The nonlinear crane control
system has two parts. The upper part is a crane sys-
tem which includes 6 nodes(real line frame) and the
lower part is a controller(dotted line frame). The
controller is constructed by the radial basis func-
tion network or the neural network. The arbitrary
time delay is assumed to be one sampling time. The
ULN with RBF controller has two RBF controllers
and the ULN with SF controller has also two NN
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controllers. Each RBF controller has 2(|L(j) = 2|)
or 4(|L(j) = 4]) nonlinear functions, and the NN
controller has the three layered structure. In the
controller, the left controller has two inputs(z,d)
and the right controller has two inputs(l, [). Boch
the crane system and RBF(or NN) controller are
constituted by ULN.

In the simulations, control time is 40 seconds, the
criterion function can be expressed as follows.

FE = %Z[Ql(lr(’,f - l(t))l
+ Qalres — (t))? + Qab2(t) + Quf2(1)
+ Qsul (1) + Qeui(t)]

+ %(Q7i2(t1) + Qgiz(tf)) (36)

where,

Lref, Treyp © target value of [, x;

ts: final sampling time;

Q;: coeflicient of criterion function.

5.2 Comparison of Radial Basis Func-
tion(RBF) with Sigmoid Func-
tion(SF) Using Gradient Method

Simulation conditions were shown in Table 1.

Table 1 Simulation Conditions

mass of the trolley M 40.0kg
mass of the load m 2.0kg
coefficients of the friction D 300.0kg/sed
sampling numbers 2000
learning time 80000t imes
control times 40 s
random number range for parameters (0,1]
coefficlent of criterion function Q1=1.0
Q2=1.0
Q3=1.0
Q4=5.0
05=0.001
Q6=0.00}
Q7=1.0
Q8=1.0

learning coefficient 0.00002

To compare the performance of the ULN with
RBF and NN using the gradient method, simu-
lations were carried out for caseA, caseB, caseC,

caseD, and caseE. The reference values of z and !
(Tyef,lres) are shown in Table 2.

By changing the initial parameters of RBF and
SF, simulations were carried out 5 times for each
case. Average E were shown in Table 3.

CaseA and B are for studying the learning per-
formance and caseC, D and E are for testing the
generalization capability. In caseA and caseB, the
goal of the task is to bring # from 0.0m to 0.2m in
the first 20 seconds and from 0.2m to 0.4m in the
last 20 seconds; ! from 2.0m to 1.7m in the first 20
seconds and from 1.7m to 2.0m in the last 20 sec-
onds; and to let 6 be as small as possible.

Table 2 Reference Values of  and [
(Comparison of RBF and SF based on Gradient
Method)

reference value
Number of - t=1...20 t=20...40
parametey t=0
L G L G
1
casea| 22 ref | 20 1.7 2.0
Xref 00| 02 04
1
asen| 42 ref {20 17 20
Xref |00 ] 02 0.4
caseC 42 lref 2.0 1.7 1.7 1.7 2.0
xr ef |00 0.2 0.2 0.2 0.4
kaseD| 42 lref 2.0 1.7 23 1.7 20
Xref |00| 02] 02 o2 | oo
caseE| 42 lre f |20 1.7 2.6 1.7 2.0
Xref |00] 02| 04 Jo2 | 00

L: for learning;
G: for testing generalization capability.

Table 3 Average Values of Criterion Function
(Comparison of RBF and SF based on Gradient
Method)

Function B

RBF 7.75
caselA

SF 9.80

RBF 6.73
caseB

SF 8.93

RBF 3.94
caseC

SF 5.18

RBF 3.94
caseD| SF 5.18

RBF 3.94
caseE

SF 5.18
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0 20 d0seconds

time

Fig.6 Simulation Results(caseC)

1 . 1

0 20 40seconds

time

Fig.7 Simulation Results(caseD)

i T T T l

40seconds

lime

Fig.8 Simulation Results(caseE)

Parameters learning was carried out in order to
bring z from 0.0m to 0.2m and [ from 2.0m to
1.7m in the 40 seconds, on the other hand, the
kinetic dynamics for testing the generalization ca-
pability was calculated changing the reference in-

put Z,¢ from 0.0m to 0.2m(caseC), -0.2m(caseD),
-0.4m(caseE), Iy from 2.0m to 1.7m(caseC),
2.3m(caseD), 2.6m(caseE) in the first 20 seconds;
and return back to the original value in the last 20
seconds. Fig.6, Fig.7, and Fig.8 show the kinetic
dynamics of simulations corresponding to caseC,
caseD, and caseE. The real lines were obtained us-
ing RBF and the dotted lines were obtained using
SFE.

In the above simulations, a new control method-
ology was presented, which discribes the RBF con-
troller and the NN controller in an unified manner
using Universal Learning Network. The simulation
results have proved that the ULN with RBF has
better performance than that of the system using
ULN with SF, regardless of the number of param-
eters(caseA, caseB), and it is also shown that the
RBF control has better performance for the gen-
eralization capability than the neural network con-
trol(caseC, caseD, caseE).

5.3 Comparison of Radial Basis Func-
tion(RBF) with Sigmoid Func-
tion(SF) based on RasVal

In this subsection, we will compare RBF with SF
based on RasVal.

By the same way as the preceding simulation, a
nonlinear crane system(Fig.4) was studied in order
to compare the performance of RBF and SF based
on RasVal. The structure of Nonlinear Crane Con-
trol System is shown in Fig.5. The controller is
constructed by the radial basis function network or
sigmoid function network. The arbitrary time delay
is assumed to be 1.0 sampling time.

Simulation conditions for RasVal are shown in

Table 4.

Table 4 Simulation Conditions for RasVal
Learning

exponential filter coefficlent o 045

upper limit of P+B 500
lower limit of B_ 200
coefficient M 0.0001

The reference values of x and [ (2, I, ) are shown
in Table 5.
By changing the initial parameters of RBF con-
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troller and SF controller randomly, simulations were
carried out 5 times for caseF, caseG, caseH, casel
and caselJ, average values of criterion function of £
are also shown in Table 6. CaseF is for studying
the learning performance and caseG, H, I and J are
for testing the generalization capability.

Table 5 Reference Values of x and [
(Comparison of RBF and SF based on RasVal)

Height of the Load

T T T

reference value
Number of £=0 tw1...20 1=20...40
parameter L G L G
I 0 2.0
aser| 42 ref | 2. 1.7 X
Xref | 00| 02 0.4
lref |20 | 17| 17| 17 20
caseG 42
Xof 00| 02| 02] 02 | 04
|
aseti| 42 ref |20 17] 23] 17 2.0
Xof |00 ] 0202 | 02 | 00
lref 20| 17| 26| 17 2.0
casel 42
Xrof |00 | 02|04 | 02 | 00
]
cased| 42 ref | 2.0 1.7 2.3 1.7 2.0
Xef |00 | 02) 02| 02 | 04

7+ b

20 40seconds
Location of the trolley
T T T
0.4+ 1
o 1
0.2r 1
oF o
1 1 1
0 20 40seconds

L: for learning;
G: for testing generalization capability.

Table 6 Average Values of Criterion Function
(Comparison of RBF and SF based on RasVal)

Fig.9 Simulation Results(caseF)

Helight of the load
T

Function E

RBF 4.96
caseF

SF 4.76

RBF 3.12
caseG

SF 2.34

RBF 3.12
caseH

SF 2.34

RBF 3.12
casel

SF 2.34

RBF 3.12
cased

SF 2.34

1

0

Location of the trolley

40seconds

0.4

0.2

1

20

40seconds

Fig.9 and Fig.10 show the kinetic dynamics of
simulations corresponding to caseF and caselJ. The
real lines were obtained using RBF and the dotted
lines were obtained using SF.

Fig.10 Simulation Results(caseJ)

From the simulation results, it is shown that
the ULN with sigmoid function has better perfor-
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mance than that of the system using ULN with
RBF(caseJ), and it is also shown that the NN con-
trol has better performance for the generalization
capability than the RBF control(caseG, caseH, ca-
sel and caseJ).

Why did we get different conclusions from 5.2
and 5.37 We think that in the case of the gradient
method, sigmoid function falls into the local min-
imia problem easily, so the RBF was better than
the SF in performance; While in the case of RasVal,
the RasVal can solve the local minimia problem, so
the SF was better than RBF in performance.

5.4 Comparison of RasVal with Gra-
dient Method for the RBF Con-
troller

As the preceding subsections, a nonlinear crane
system(Fig.4) was studied in order to compare the
performance of RasVal with the gradient method.

In the learning, control time is 40 seconds, the
goal of the task is to bring x from 0.0m to 0.2m in
the first 20 seconds and from 0.2m to 0.4m in the
last 20 seconds; [ from 2.0m to 1.7m in the first 20
seconds and from 1.7m to 2.0m in the last 20 sec-
onds; and to let 8 be as small as possible. Therefore
the criterion function can be expressed by Eq.(36).

Table 7 Simulation Conditions for Gradient and
RasVal Learning

gradient method
learning coefficlent 0.00001
Rasval
exponential filter coefficient @ 0.45
upper limit of P +B 500
lower limit of F 200
coefficient n 0.0001

Simulation conditions for gradient and RasVal
learning are shown in Table 7.

The Target values are shown in Table 8.

By changing the initial parameters of RBF con-
troller randomly, simulations were carried out 5
times in caseK, casel,, and caseM, CaseM is for test-
ing the generalization capability, and the values
are also shown in Table 9.

Table 8 Reference Values of x and [
(Comparison of RasVal and Gradient Method for
RBF Controller)

reference value
Nurber of £=0 1=1...20 1=20...40
parameter L G L G
lref 0
asek| 22 2.0 1.7 2.
Xref | 00| 02 0.4
Lot 20| 17 20
42
casel Xret | 00| 02 04
aseM| 42 Lot {20 17| 17| 17 20
Xref |op| 02| 02| 02 0.4

L: for learning;
G: for testing generalization capability.

Table 9 Average Values of Criterion Function
(Comparison of RasVal and Gradient Method for
RBF Controller)

Function E
RasVal 7.29
casek
Gradient 10.83
RasVal 6.98
casel
Gradient g.1
RasVal 4.80
caseM
Gradient 5.77

Fig.11 and Fig.12 show the kinetic dynamics of
simulations corresponding to caseL. and caseM re-
spectively. The real lines were obtained using Ras-
Val; the dotted lines were obtained using gradient
method.
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Fig.11 Simulation Results for Studying the Learning Perforance(caseL)
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Fig.12 Simulation Results for Testing the generalization Capability(caseM)
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Fig.13 Searching Range of RasVal Fig.14 Searching Probability of RasVal
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From simulation results, it is shown that the
learning speed, learning performance and the gener-
alization capability of RasVal are better than those
of gradient method. Fig.13 and Fig.14 show the
results of searching range(3) and searching prob-
ability of negative direction(p,,) at the beginning
of and at the end of searching respectively. From
Fig.13, Fig.14, it is shown that intensification and
diversification of searching can be realized by Ras-
Val.

At the beginning of searching which corresponds
to the left part of Fig.13 and Fig.14, searching
range is small and searching probability is evenly
distributed around 1.0 or 0.0, which means the in-
tensification of search (corresponds to A in Fig.3);
on the other hand, at the end of searching which
corresponds to the right part of Fig.13 and Fig.14,
searching range is large and searching probability is
mainly distributed around 0.5, which means the di-
versification of search(corresponds to B in Fig.3).

In this subsection, it has been proved that a non-
linear crane control system using RasVal has better
performance than that of the system using the gra-
dient method. It has also been shown that the Ras-
Val has better performance for generalization capa-
bility than the gradient method.

5.5 Comparison of RasVal with Gradi-
ent Method for the NN Controller

In the preceding subsection, we discussed the
ULN with RBF trained by RasVal, and it was shown
that the RasVal was superior in performance to the
gradient method. In this subsection, we discuss the
ULN with sigmoid functions trained by RasVal. By
applying the proposed method to the design of non-
linear crane control system, we obtain the same con-
clusion, that is, RasVal is superior in performance
to the back propagation learning algorithm irrespec-
tive of the functions in the ULN nodes.

For ULN with sigmoid functions Eq.(1) can be
specifically rewritten as Eq.(11) and Eg.(12).

A nonlinear crane system(Fig.4) was studied in
order to compare the performance of RasVal with
that of the gradient method. The structure of the
ULN nonlinear crane control system are shown in
Fig.5. The controller is constructed by the neu-
ral network. The time delay is assumed to be one
sampling time.

Simulations were carried out to compare the

performance of RasVal and that of the gradient
method. The criterion function employed here is
Eq.(36),

Simulation conditions for gradient and RasVal
learning are the same as Table 7.

Two different structures are considered for NN
controllers for studying the learning performance;
in CaseN-1,2, the left NN in Fig.3 has three hidden
nodes and the right controller has two, whereas, in
CaseO-1,2, each has five nodes. Also two sets of tar-
get values of the trolley position and the load height
are used. These are summarized in Table 10.

By changing the initial settings of the parame-
ters of NN controllers randomly, simulations were
carried out 5 times. The average of the criterion
function E is shown in Table 11, the behaviors of
I(t), z(t), and O(t) are shown in Fig.15, Fig.16,
Fig.17 and Fig.18. The real lines were obtained
using RasVal; the dotted lines show the results of
the gradient method.

The trained controllers are then employed in the
new control problems with different target values
from those considered in the learning. The new tar-
get values are listed in Table 12. The controller in
CaseN-1 is applied to CaseN-3, the one from CaseN-
2 is used in CaseN-4, and so on.

The criterion function values shown in Table 13
and the behaviors of the crane in Fig.19-23 show
that the RasVal learning again gives the better re-
sults.

This means that with RasVal we can well min-
imize the criterion function and that the resulting
controllers perform well.

From these, we can confirm that RasVal learning
provides better performance.

In this section, a new optimization method named
RasVal is compared its performance with the gradi-
ent method in traing of neural network based ULN
control systems. It has been proved that a nonlinear
crane control system trained by RasVal has better
performance than that of the system obtained by
the gradient method, and this indicates, together
with our previous results, that RasVal gives better
performance than the gradient methods in optimiz-
ing ULN control systems irrespective of the specific
functions contained in ULN.
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G: for testing generalization capability

Table 10 Reference Values of xz and [

(Learning Ability) Table 13 Average Values of Criterion Function
(Generalization Capability)
reference value
Number of tm0
paramater t=0,...20 | t=20....40 algorithm E
1 2.0 1.7 2.0
Cl\?ff 22 ref Fig.15 RasVal 2.68128
xref 0.0 0.2 0.4 caseN-3
1 £ 2.0 2.3 2.0 Gradient 5.88958
casqg peyf N : : .
N-2 22 £ Fig.16
Xref 0.0 0.2 0.4 RasVal 2.68128
case lref 2.0 1.7 2.0 caseN-4
o-1| 42 Fig.17 Gradient 5.89958
xref 0.0 0.2 0.4
casgq 4o lref 2.0 2.3 2.0 RasVal 732378
0-2 Fig.18 case0-3
Xref |00 0.2 0.4 Gradient 4.67268
RasVal 2.32378
caseO-4
Table 11 Average Values of Criterion Function Gradient 467268
(Learning Ability)
algorithm E
RasVal 4.75835
caseN-1 |—r T T
Gradient 9.,92467 1 o —
RasVal 4.71445 —
caseN-2
Gradient 10.11639
1 ~
RasVal 4.74484
caseO-1 H
Gradient 8.71698 fe*
0 g o J
RasVal 4.70168 . ) ;
case0-2 0 0 d0secong
Gradient 8.65597 lime

Fig.15 Simulation Results(caseN-1)

Table 12 Reference Values of z and [
(Generalization Capability)

reference value l ! \
Vunber of £mg | 1=0..20 1=20...40 o SSU—
parameter L G L G
lr £ .7 A 7 X
cI?iaBe 22 of (20| 1 7] 1 20 Fig.19
Xrof 00| 02| 02| 02 0.4
: i
Let |20 17| 23] 17 2.0
Cala 22 Fig.2d
Xeot 100 02) 02} 02 04 .
Lor 72| wr| 17 2.0
Cgfg 42 e 2.0 1 1 Fig21 C—‘—f’:‘—
Xref (00| 02 02| 02 0.4 0 i 4
cas 42 Lot 20] 17] 23| 17 2.0 Fig.22 ! - recont
0-4 Xref 0| 02| 02] 02 | 04 Lime

L: for learning; Fig.16 Simulation Results(caseN-2)
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0 4] d0second
{ime

Fig.17 Simulation Results(caseO-1)

0 10 (0stcond
lime

Fig.18 Simulation Results(caseO-2)

T T T

0 0 d0second
lime

Fig.19 Simulation Results(caseN-3)

0 Y Osecond
lime

Fig.20 Simulation Results(caseN-4)

¢ 10 d0s0cond
lime

Fig.21 Simulation Results(caseO-3)

0 10 {0second
lime

Fig.22 Simulation Results(caseO-4)

6. A New Method to Improve Gen-
eralization Capability of Nonlin-
ear Crane Controller Systems Using
RasVal

Generally, the words ”generalization capability”
mean the ability of assuring of that the system
works well even in the different environment from
that at learning stage. It is commonly said that
the generalization capability will be improved by
learning a great number of cases with different en-
vironments and also by reducing the scale of net-
works for learning. Recently, some papers on the
enhancement of the generalization capability have
been reported by using the second order derivatives
in Universal Learning Network®. These methods
are based on the idea that a criterion function re-
lating to the improvement of system rebustness is
added to the usual criterion function in order to en-
hance the generalization capability.

In this section, a new method for the enhance-
ment of the generalization capability in the non-
linear control systems is presented, where control
signals to a plant to be controlled are suppressed
by increasing the weighting coefficients related to
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the control signals in the criterion function. Simu-
lations of a nonlinear crane system are carried out
in order to study the above new method.

Simulations were carried out to study the gener-
alization capability of the proposed method. In the
simulations, control time is 40 seconds.

The generalization capability was investigated as
follows. While learning of parameters was carried
out so as to bring x from 0.0m to 0.2m and [ from
2.0m to 1.7m in the 40 seconds, kinetic dynamics for
investigating the generalization capability was cal-
culated by changing the reference input from z =
0.0m to 0.2m, from [ = 2.0m to 1.7m in the first 20
scconds; and from x = 0.2m to 0.4m, from | = 1.7m
to 2.0m in the last 20 seconds. By changing the
initial parameters of the RBF controller randomly,
simulations were carried out 5 times.

Simulation conditions were shown in Table 14.

Table 14 Simulation Conditions

mass of the trolley M 40.0kg
mass of the load m 2.0kg
coefficients of the friction D 300.0kg/sed
sampling numbers

learning time 20000times
--80000times
control times 40 s

random number range for parameters (0,1)

coaefficient of criterion function Ql=1.0
Q2=1.0

Q3=1.0

Q4=5.0
Q5=0.001

--1.0
Q6=0.00Y

--1.0

Q7=1.0

08=1.0

RasVal

exponential filter coefficient & 0.45

upper limit of P+ § 500
lower limit of B 200
coefficient n 0.0001

Criterlon tunction E Helght of the load |
T Y

Q5=Q6=0.001
4RBF.

ocaton of the lrolley x Angle of the losd

™ T Y T

0.4r 4 0.02r
Q5=08<0.001t
4R.BF.

Q5Q8-0.001
4RBF.

B

40seconds 0 20 40seconds

() (d)

Fig.23 Simulation Results(Learning times:20000)

Crteron funclion €

T

Halght of the load |
T

QB«Q6=0,001 o
4R.BF.

2 N L 10 .
0 BO00OUMes 0 20 40seconds

(a) (6)

Location of the Yrolley x Angle of the load
T

0% of M "] ot 3T

05«Q6=0.001
4RBF

Qb=06-0.001
4RBF.

40seconds 0 20 40seconds

Fig.24 Simulation Results(Learning times:80000)

Fig.23 and Fig.24 show the average learning
curives and {(t), (t), 6(t) of the nonlinear crane sys-
tem which were obtained for the study of the gen-
eralization capability, on the condition that L(j)=4
(four RBF functions), Qs = Qg = 0.001 and learn-
ing was carried out 20000 times and 80000 times
respectively.

From Fig.24 it is shown that when the learn-
ing was continued until 80000 times, dynamics of
the system becomes unstable because of the over-
fitting of the learning. Curved surfaces of control
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signals ug, u,, which are the function of (z,8) and
({, l) respectively are shown in Fig.25 and Fig.26.
It is understood that curved surfaces of Fig.26 ob-
tained when the learning is carried out too much
can not calculate the appropriate control signal u,,
around l,.y — 1 = 0.3. Therefore, suppressing of the
control signals was tried by increasing the weighting
coefficients Qs, Qg related to u,,, ugq in the criterion
function.

Fig.27 show the curved surfaces of control sig-
nals ug, U, obtained by the condition that four RBF
functions, Qs = Q¢ = 1.0 were used and learning
was carried out 80000 times. @5, Qs in Fig.27 are
the lowest value(see Table 15), where stable dy-
namics is obtained even when the reference inputs
Zref,lres are changed in the middle of the control.

Table 15 Relation between L(j) and the Lowest
Bound of @5 and Qg

The lowest coefficient to assure
LG) the generalization capability
1 JR—
2 Q5=Q6>=0.3
3 Q5=Q6>=0.4
4 Q5=Q6>=1.0

Q6=Q6+0. 001

Fig.25 Curved Surfaces of Control Signals Uy and
U, (Learning Times: 20000)

Q5=Q6=0. 001

Um
0sl  05=Q6=0.001
°Y 4¢RBF

4 0 ot

(6)
Fig.26 Curved Surfaces of Control Signals Uy and
U, (Learning Times: 80000)

Ug

Q§=Q6=1. 0

0.2 QS'QS'[,O

4 RBF

Fig.27 Curved Surfaces of Control Signals U and
Un (@5 = Q¢ = 1.0)
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From Fig.27 and Table 15, it is known that the
larger the number of RBF functions is, the more
needed the suppression of control signals are, and it
is also known that sufficient generalization capabil-
ity can not be obtained by using one RBF function.

In this section, the generalization capability of
RBF controller using RasVal in Universal Learning
Network was studied. From simulations of a non-
linear control system, it has been proved that the
generalization capability is enhanced by suppress-
ing the control signals, and a great numbers of RBF
functions in the controller of the system deteriorate
the generalization capability.

7. Conclusions

In this paper, we presented a new control method
for nonlinear systems using ULN with RBF firstly.
From the simulation results, it has been proved that
ULN with RBF based on the gradient method is
superior in performance to that of neural networks,
and it has also been shown that the RBF control
has better performance for the generalization ca-
pability than the neural network control. We also
introduced a new learning algorithm named Ras-
Val. By applying RasVal method to a nonlinear
crane control system which can be controlled by
the Universal Learning Network with the RBF and
the sigmoid functions, it has also been shown that
the sigmoid function control has better performance
than RBF control. At the same time, it have been
shown that the RasVal is superior in performance
to the commonly used back propagation learning
algorithm. Finally, generalization capability of a
Radial Basis Function controller using RasVal in
Universal Learning Network was studied and it has
been shown that a new method is effective to over-
come the over-fitting problem in nonlinear control
systems.
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