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Abstract

This paper proposes a method ol learning control in
DC servomotor using a neural network. First we estimate
the pulse transfer  function of the servo system with an
unknown load, then we determine the best gains of I-PD
control system using a neural nctwork. Each lime the
load changes, its best gains of the 1-PD control system
is compuled by the neural network. And the besi gains
and its pulse transfer function for the case are stored in
the memory. According the increase of the set of gains
and its pulse transfer function, the lcarnig control system

can aflord the most suitable I-PD gains instantly.
1. Introduction

In a model following servosystem, it is desired for
outputs of scrvomortor to precisely follow the outputs of
a given relerence model. For a given load in DG servo-
motor, it is feasible to automatically adjust the gains of
the I-PD control system in DC sevomorior using a neural
network.? Tn a simple neural network as determination
of the I-PD control gains, the coeflicients of coupling in
the ncural network can be itsell to be secked instcad the
output of the neural network. The neural network for the
purpose is rather simple, but the neural network needs to
lcarn the gains in every time the load changes. For the
load which is varing all the lime or for the load which
cncounlers for the first time, il is necessary to compute
the gains using the neural network.

In this paper we first estimate the pulse transler-
function of the servo system with an unknown load, then
we determine the best gains of I-PD control system using
a neural network. Then, we propose a learning control
systemn in which the desired I-PD gains are determined
by using the appropriate gains which is obtained by the
lincar combination ol the set of gains alrcady compuled.

2. Learning Control System
Our learning control system is shown in Fig.1.
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Fig.1 I-PD control system using ncural nctwork

The inputs of the ideutification of pulse transfer
function arc the set of inpul and output of controlled
object, and the load characteristics of the DC servomo-
tor with a load is identificd as the set of coellicients of
the pulse transfer {unction. The set of coellicients of Lhe
estimated transler function is transfered into the mem-
ory and I-PD gain estimalion. In the neural network the
best I-PD gains are learned, and the 1-PD gains obtained
arc stored in the memory and I-PD gain estimation with
its coefficients of the pulse transfer function. Although
cach time the load characteristics of the DC servomo-
tor changes, the best gains of the I-PD control system
must be computed by the neural network in the begin-
ing, according to increase of the set of memories of the
best gains, the memory and I-PD gain estimation gets to
have the ability to estimate the best gains [or the case
by using a linear combination of the set of memories of
the best gains already computed. If the initial gains esti-
mated by the lincar combination are not suited, the gains
are renewed by the learning of the neural nctwork. Alter
these iteralions of the learning and estimation, the learn-
ing control system can aflord the appropriate gains by the

cstimation using these already obtained gains. When a
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quite new load is added in the DC servomotor, in gen-
cral, many itcrations are necessary for the learning in
neuval networks, because random variables are used as
the initial values of the ncural network. But, in our case,
by using the appropriate gains which is obtained by the
linear combination as the initial values of the neural net-
work, our neural network rapidly couverges to precise
values. Through these procedures, such as identilication
ol pulse transfer [unction, computation of gains by using
neural network, memory of the set of pulse transfer func-
tion and best gains, an interpolation or an extrapolation
as the initial values of the neural network, our learning
control system progresses in learning, and il becomes to
be able to deal with the best gains imediately for the DC

servomotor which encounters a new load.
3. Identification of Pulse Transfer Function

In this section we show the ordinally estimation
method of pulse transfer function using the mecthod of
lcast squares.? The pulse transfer function is generally

described by the lollowing equation.

_Y() Bzt + Bz 4 Bz

- U(z) Tzt —apztee — oz

G(z™Y

(1)

Where we assume the order of n and m are known. The
problem is to determine the n + m parameters, a; ~ o,
Py ~ B, when the inputs and outputs time series u(1) ~
u(N) and y(1) ~ y(N) are given. We assume the follow-
ing vectors x and z(k).

x=[alya2"'an7ﬂlvﬁ2"'ﬁm]T (2)
Z(k) = [y(k—1)7y(k_2)7"'y(k_”)7 .
w(k — 1), u(k - 2),---w(k —n)}" 3)

Since the relation between u(k) and y(k) is given by Eq.4,
the relation is described in Eq.5 using x and Z. Where

vector y and matrix Z are defined as [ollows

(k) = oqy(k = 1) + coy(k — 2} + - - + any(k — n)
+Bulk — 1)+ Boulk — 2) + - + Bnu(k —n) (1)

y = Zx (5)
T(n+1)
Z= : (6)
2T(N)

y = [y(n+ 1,y(n +2),---,5(N)]" (7)
Dcscribiug' the estimation of x as X we define the error
veclor e.

e(n+1)
e= : =y—Zx (8)
e(N)

Assuming the cost function .}
I =eTe=y—Z% [y — Z%] (9)
the cstimation X which minimize .J is given

= (2"2)" (27y) (10)

The online cstimation is also given by using the up to
date input and output. When the veclors Xy, yn and
Zn at time N are given, the new estimation Xy4q at time

N 4 1 is given by using the vectors yyyr and Ziyyy as

follows
YN
YN+1 [y/(N+])] (11)
Zy
V4 = . 12
N+1 [ ZT(N + I) ] ( )

(v =%y +gnp{y(V + 1) —2" (N + Dy} (13)

" Paz(N+1)
Y} pp—
eV + 1) = T N F eV T 1)

Py = [[- g(N)2" (V)P (15)

4. Learning Algorithm

Since the transfer function of the DC servomotor
under the consideration is described by a linear 2 order

system, the neural network may be ralher simple.

Input
layer Middle
layer

IFig.2 3 inputs neural nctwork

Fig.(2) shows the neural network which is composed by
3 input layer, M hidden layer and a output layer. The
output of j-th unit in hidden layer h; is given by using
the oulpuls of input layer I;

3
IL]‘ = lel,‘jl,’ (16)
i=1

Sitilarly the output of the outpul layer O is given:

M
0=y vk (17)
i=1
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The ervor function F, is assumed by using the difference
between the output of the controlled object ¥ and the
teacher signal T.

1 ‘
By = 5 (T - ¥i)? (18)

The derivative E, for the variance of the coupling pa-

rameler v; is given as follows:

DL, 05, 9Yi 90

Zr 19
(')v,— (’)Yk aOk_l 6-u,- ( )
oL, )
= —(T =Y 20
0)/k (T’\ g )l\ ( )
90%s _
0, h; (21)

where the suflix k in Yy and O,_, shows the sampling
time k. Therefore the variance Av; is given as follows.

oE
Av; = —ay (—E)Tp-) = ay (Tk — Y) b; (22)
i

where a; and «a, are the learning constants. Similarly
the derivative [, for the variance of the connection pa-

rameter w;; is given as lollows:

(?E,, _ % Oh,j 0_[’72 aYk 6Ok_1 ahj

= = 2

(’)w.-,- Oh, Ow,»,- E)Yk (')Ok_l (')h,- (’)w;,« ( 3)
oL,

oy = ~(Te = Ya) (24)

90x1 _ .

ah, v; (25)

0hj - .

B I; (26)

lence the vatiance Awy; is given as follows.

oL,
ow,

Awij = —py ( ) = [ (Th = Vi)uili  (27)

ij
where 8, and 3, arc the learning constants.

5. Linear Combination of I-PD gains

Each time the new parameters of load characteristics
are eslimated, the best control gains are learned by the
peural network, and the set of the new parameters x; and
the best gains w; is memorized.

(x:, w;) (28)

According to increase of memories the learning of the
system advances. When the new parameters x,, are cs-
timated, as the candidate of the best gains, that is, the
initial values of the learning w,, may be given by the lin-
car combination with the neighbor ones which arc learned

previously as the best gains. We choose the r neighbor

sels of the new paramcter vector x,, and make the fol-

lowing Matrix.

X=|x, x, x, | (29)
Introducing the coeflicient vector k, we assume the next
relation. ,
k=[h, ks - k] (30)
ky
X"=[X1, X2y xr] (31)
k,

k=[x, x2 - x| " xu (32)

Hence we can obtain the following linear combination
relation.

w, = Wik (33)

where

W=[w, w w, | (34)

According to increase of the best gain memories, the
above estimation gives a fair performance of the system
without the learning. I[ the control performance is not
sufficient, the learning by the neural network is made,
and the best gains are found, and memorized. Usually,
in order to have a unique solution for .32 the matrix
X is chosen a square matrix. When the matrix X is not
able to be chosen as a square matrix, we can get the fol-
lowing estimation using the singular value decomposition
of the matrix X.

x=[o [ "v] o

Where [A] is an cigen value matrix, and [U], [V] are the
orthonormal matrices. Then, k is given by the following

equation.

k = [V (M Y3 U )x,, (36)
We can obtain w, by inserting 13¢.36 into Eq.33.
6. Example System and Simulation

We consider the DC servomotor system shown in
Fig.3. The system equations are given by the following
differntial equations.

d*0, - _
‘ J_JLT— Bl (‘;l)
2
(.I = Ju+ () J,l)
1 ‘
Ke= i + 12 (38)
dl
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Fig.3 DC servomortor system

Letting the output 0, and the input voltage ¢, we obtain
the open loop transfer function G(s).

BIK k

— RJ —
Gls) = s(s + ‘;—33- T s(s+w)

(39)

We can describe the two order system £q.39 as the next

pulse transfer function.

~f)12+()2

z2+alz+a2

Ge) = (10)

We set the transfer function of the reference model.

wh w%

Cn8) = o + 2wms 7 o0)

(41)

In numerical simulations, we set w; = w; = 10 in Eq.41.

For the convenience we set the number of hidden layer

m=1. We let the neural network learn the best gains for

the pulse transfer functions of the [our different loads.(case
(a)~(d))

The time responses of output for the controlled object

are shown in Figs.(4)(a)~(d).
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It is seen that the learning of the neural nctwork works
well in every case. The control gains obtained by the
learning of neural network and the optimnal gains by the-

oretical calculation are presented in Table.1.

Controlled [ gain | P gain D gain
object W.sV W4V Waty
() NN 21.2 ~6. 46 -0.112

Optimal | 22.2 | -6.67| -0.111 |
NN [ 294 | -8.95( 0.743

O Voptimal | 22.2 | -6.67] 1.00
© NN [ 758 | <23.0] 0 166

Optimal | 4.4 | <13.3| 0.889
@ NN | 168 | 5.14] 0.2z11

Optimal 14.8 4. 14 0. 296

Table.1. Comparison of the gains obtained by N.N.

and the optimal gains

Table.l indicates that the sct of control gains fairly have
the robusthess. The result tells that we don’t need to
take so many learning times.

The comparison of the time response of the out-
put using the control gains obtained after 10,000 learn-
ing times and the time responsc ol the model system is

shown in Fig.5(a)~(d).
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(1.78,—0.779,2.07 x 107,191 x 10-3)
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Next, we show the result using I-PD) gains which

is obtained by the linear combination in Fig.6.
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Fig.6 The output response using [-PD) gains obtained
by the linear combination

It is observed that the result using the gains estimated by
the linear combination of the previous gains shows good

performance.
7. Conclusion

In this paper we have proposed a mcthod of learn-
ing control in DC servomotor using a neural nctwork.
Although it is seen clear by intuitive consideralion that

according to the increase of the set of gains and its pulse

transfer function, the learnig control system can afford
the most suitable I-PD gains instantly, there are sonie
problems in application. Since the robustuess of I-PD
gains exist, as is seen in Table.1, the linearity does not
always exist among the set of gains which is learned by
using neural network. However, sooner or later, since the
set of the best gains increases around the unknown load,
the linearlity of the lincar combination of the gains also
has been elevated.

It is difficult problem to estimate the pulse trans-
fer function whose characteristics always change, and it
is also diflicult to control the object which continuously

changes. These are future problems.
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