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Abstract: With regards o the charactenstcs of time-delay system and the weakness of single predictive control, this pa-
per puts forward A control scheme of multi-step-ahead prediction and compersation, which increases control power effectively,
and improves dynamic characteristics of the system. The paper also discusses the relationship between the step number of predic-

tion and compensation and the stability of systems.
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1 Introduction

Besides the characteristics of general nonlinearity, the
nonlinear plants with time-delay have the phenomenon of
output-delay, which increases the degree of difficulty to
control further.

The single predictive control based on neural networks
is an effective way to solve this problem!'2]. But u (%)
only affects the output at step k + d in future. Control
power is weak, and the dynamic response is poar, espe-
cially when reference inputs change or disturbances oc-
cur. In addition, as the actual output y(k + {){i = 1,
2,--,d) can not be got at step k, the drill in the peural
petworks cannot avoid the difficuley.

2 The algorithm of multi-step prediction
and compensation control

To overcome the weakness of the single prediction
control, we put forward the following approach: in-
crease d steps prediction to d + p steps prediction, and
change one point compensation to multi-point compensa-
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tion, i.e. from & + d to k+d+1,'**, k+d+p. Based on
step k, we put p + 1 emors between the reference input
and the predictive output into the cost function of neural
network controller, and strive the optimal control u{ k)
that makes

J. =%[y,(k + &) -yl P+

.4

D [k +d4 )=y, (ke de )P + 5 alu(i)P

=1
(1)
minimal, where p is the increased prediction horizon and
compensaticn, ¥, and ¥, is reference input and system
predictive output respectively .
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Fig. 1 Control structure
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The control structure of mmlti-step prediction and
compensation based on neural networks is shown in
Fig.1, where NMC is the newral network controller,
NNP is the nevral network predictor.

u(k) = NNCly,(k + d),y,(k +d - 1),

Yolh+d-n),u(k-1),,u(k-m)]
determined by the nevral network controller has to make
J. minimal .

yo{k + d + i)({ = 0,1,-,p) are gained by the
neural network predictor after u( k) has been got and re-
mained not changed.

Yolk +d) = MNPly(k+d =1) -y (k+d -

n) w(k) w(k-1) - wlk -m)],

Yolk + d) = yulk + d) + y(k) - y (k).

(2}

Yolk+d+i) =NNPLyn(k+d+i=1) -+ yn(k+d+i -

n) wlk) u(k) - ulk-m+i)l,

Y k+d4i) = yp(k+d+i)+y (k) -y, (k),

(i=1,2,-,p).

(3)
where y,,(k + 4 + i) is the model predictive output.
y,(k + d + i) is the system predictive output, which
forms a closed-loop cotrective system and can decrease
the model emors. Adopt

b= 5lylk+ @) - yulk + P

as the cost fimction of the neural network predictor.
When the linking weighting coefficients of the neural
uetwork predictor are adjusted and since actnal cutput
y(k + d) can not be got at step k, this paper proposes:
y(k + d) = y(k) + yulk + d) - yo (k).

This is because the changing magnitude of the model
predictive cutput from step & to step & + d is similar to
the actual outputs. As the networks converge, the emor
caused by the approximation will be very small. The
steps of this control aigorithm are

1) Bring y,(k + d) v, (k+ d = 1),y (k+ d -
n),ulk -~ 1),-,u(k — m) to bear on NNC, get
u(k), and then send u( k) to the plant and NNP.

2)Put gk + d = 1), ,ynlk + d - n),ulk),
u(k - 1), ,u(k - m) o NNP, and get y,(k + d)
by formula (2).

3) Do not change the linking weighting coefficients of

NNP, using formula (3) to get y, (k+d+1), y,(k+d+
2), v (k+d+p).

4) Adjust the linking weighing coeffiicents of NNC
and NNP respectively

W.(k+ 1) = W) - B3y
3
W,k +1) = W,(k) - ﬂ,,a':,ﬂ.
P

where W, and W, are the linking weighting coefficients of

NNC and NNP respectively, S, and 8, are the studying

step-sizes of NNC and NNP respectively .

5) k = k + 1, retum to step 1) .

3} The relationship between the increased
step number of prediction and compen-
sation and system stability

Theorem If the increased step number p of predic-
tion and compensation satisfies the following inequality,
then, the control system’s stability is not affected.

0c< B, <2[(M;WJ{ d))z +Mk +d),

2w,
2[4::(; f;—)i} ae(ka+wcf + i)] .

adul(k) 2ulk) delk + d)}']
e(k + d) 3W, aw, :

(4)
where e{k + d) = y,.(k + &) - y,(k + 4),5, is the
smdying step-size of NNP.

Proof Select Lyapunov function
V(k) = ek + d) = [y(k+d) - 5, (k+ DV,
thus
AV=V(k+1)-V(k) = {k+d+1) - (k+d)=
le(k+d+1)—e(k+d)][e(k+d+D+elk+d)] =

Ae(k + d)[Aelk + d) + 2e(k + d)], (5)

where
Belked) = elked+1) - e(ked) =2t Ay,
(6)

To the cost function of NNC, there is

37,
AW, =—B=§E' =

- B.le(k+d) a_elélg;_dl + Ee(k+d+i} .

=1

3e( i) 2
€ "a““w‘f“ +aﬁu(k)—%,{d]. (7
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Put (6) and (7) into (5), there is
AV=1g _e(M)[ Ch + d)_e(M

c

O elk+d+i) “BLM alulk) _uQc)

s
1=1

g, 2ekedd (4 40) ﬁ‘ﬂaiwt—dhi o(hvde
< 3 =1

i)a—e%%)mau(k)%%)]_ze(mdw.

Let AV < 0, and given 8, > 0, there is formula (4) .
As Lyapunov stability theorem, the neural network con-
toller' s stady would be convergent, and the system’ s
stability is not affected .

Set

Z{p) =

delk + d)b elk + d + z)ae(k+d+t)
W, o elk+d) W,

As p increases, Z(p) terms increase. Although the
positive or negative signs of some temms in Z(p) may
change, it is evident that the value of Z{p) becomes
greater. As soon as 3, is fixed, formula (4) can not be
satified, and then the neural network controller will be-
come unstable. So it is very possible that the system be-
comes unstable as step number p increases.

4 Simulation experiment

Considering the plant

. - k-~
ORI v T
y(k) =

0.2u(k-11}-0.5y{k-1)

1+ ¥ (k- 1)
where w{ k) is a stochastic disturbance, whose ampli-
tode is 0.06. Structure the predictor and controller with
the radial basis function neural networks. Their 3-layer
constructions are, respectivey, 4-8-1, and 4 - 10 -
1. Give reference inputs, then under the same imittal
conditions and study step-size, we adjust the linking
weighting coefficients, central vectors, and shape pa-
rameters of the networks”!. With the single predictive
control algorithm, the output is shown in Fig.2. With
the above algorithm, the outputs are shown in Fig. 3 and
Fig.4. Comparing the figures, we can see that as p in-
creases, the response becomes rapid, but the output tur-
bulence increases too.

+ 1 (k-10) +0 (), k< 400,

v (k-10)+w(k), & < 400,

k
i} 200 400 600 8OO
Fig. 2 Output of single predictive control

0 200 400 600 800
Fig. 3 Qutput when p=1
2 —r

£
0 200 400 600 800
Fig. 4 Quiput when p=3

5 Conclusion

Through the analysis and simulation experiments, the
algorithm with multi-step prediction and compensation
proposed in this paper has better comtrol effect. It
strengthens the control power, accelerates response
speed, and has stronger anti-interference ability. But as
p becomes large, the system stability will not remain in
good condition.
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